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In recent years, enormous research has been carried out on the segmentation of blood vessels. Segmentation of
blood vessels in retinal images is crucial for diagnosing, treating, evaluating clinical results, and early detection
of eye disorders. A successful segmentation accurately reflects the blood vessels’ structure and helps obtain
patterns that can be used to identify retinal disorders and diseases. Most recent research on vessel segmentation

employs multiple processes to determine the appropriate segmentation. Finding the best techniques for
segmentation is a complex process. In certain circumstances, it requires a thorough understanding of every step
that can only be acquired through years of training. Comprehension and expertise in segmentation procedures
are essential for accurate segmentation. This paper briefly introduces the segmentation of blood vessels in
retinal images, describes many preprocessing and segmentation techniques, and summarizes challenges and
trends. Furthermore, the limitations of the current systems will be identified.

1. Introduction

The current development of approaches based on artificial intel-
ligence and digital image processing has been made possible by the
growth in the processing power of computers and memory capacity.
Many researchers have been interested in developing vision and image
processing systems to address challenging issues in real-life scenarios.

Vision systems are widely used in many applications in real life.
Vision techniques have been implemented to solve problems in many
areas of medicine [1-5]. The processing and analysis of data used in
decision-making are aided and facilitated by vision systems. Artificial
vision plays a crucial role in medical imaging and healthcare appli-
cations. It involves using advanced algorithms to interpret medical
images, enabling healthcare professionals to make more accurate diag-
noses and provide better patient care. Thus, computer vision algorithms
are used in medical image analysis to detect and diagnose specific
diseases or conditions.

In neurology, there are computer-aided diagnosis (CAD) systems to
help doctors to make rapid diagnoses by classifying normal/abnormal
Magnetic Resonance (MR) brain images [6], there are also images
acquired from invasive methods like surgeries, craniotomy, and in
some cases after the resection of brain tissue for tumor treatments,
the images are used not only to segment brain vessels [7] but also to
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classify tumors and parts of the brain [8], cerebral small vessel disease
(SVD) [9-11].

The Oncology area encompasses diverse body organ studies; vessel
segmentation can help doctors identify tumor-associated blood vessels
more accurately and obtain early diagnosis to select an appropriate
treatment. Lung cancer is one of the most common diseases suffered
by the people. The vessel segmentation can help in treatment finding
the tumor vessels [12,13]. For liver cancer, computer vision can help
to obtain the complex of the structure [14-16] and obtain the vessels
to irrigate the tumor.

In recent years COVID-19 caught the researcher’s attention [17-19].
One of the sequelae of the disease is fibrosis, which can be abroach
using the vessel segmentation of the lung arteries. Another kind of
fibrosis we can find from human illnesses that medics can improve with
vessel segmentation is idiopathic pulmonary fibrosis (IPF) [20,21]

The medical surgery process can be improved using vessel segmen-
tation on medical images, obtaining more accurate diagnoses and more
efficient steps in surgical planning using computed tomography (CT)
images. From those images, the doctors obtain the vessel’s structure,
and they can observe anomalies to plan the liver surgery [22]. The
vessel segmentation can guide medics with aortic ruptures [23] to plan
the surgery.
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For vascular diseases, vessel segmentation of heart vessels [24,25]
can guide the coronary artery disease diagnosis, irregular heartbeats
(arrhythmias), or congenital heart defects [26]. For atherosclerosis,
vessel segmentation can help to find evidence of vascular disease
caused by fat deposits [27,28].

The human vision is a complex process and is an important sense
that has to care for; because of the importance of the vision for hu-
mans, medics and researchers develop computer-aided diagnosis (CAD)
systems for fast diagnosis. Human vision can be affected by many
eye-related diseases, such as hypertension, diabetic retinopathy, and
arteriosclerosis [29]. The retinal vessel segmentation obtains the shape
of the retinal blood vessel, its thickness, and its curvature may indicate
some of the mentioned diseases. It is one of the reasons why vessels
segmentation is an important task [30,31].

One of the most crucial techniques for identifying diabetic retinopa-
thy, macular degeneration, and early glaucoma diagnosis is blood
vessel structure. For the analysis of diseases, the blood vessel struc-
ture offers essential information from the shape, orientation, width,
curvature, branching patterns, and abnormal region volumes.

Retinal vessel segmentation is commonly performed manually by
specialists. This procedure is arduous and complex and requires many
years of specialist training. However, manual segmentation consumes
too much time and energy. It is susceptible to human error, and
noise or light issues that occur when taking the image. All this makes
the manual segmentation method unsuitable for large-scale detection.
That is why the development of automatic segmentation methods is
essential.

The segmentation allows us to obtain the structure of the veins,
thickness, proportion, lesions, and other patterns, provide important
information about a possible disease and help the specialist to decide
on the treatment to be carried out.

Most current research on Vessel segmentation uses several steps to
segment accurately. Segmenting the retinal image is difficult because
the blood vessels form intricate structures and varied thicknesses. Due
to this, the segmentation technique must be chosen appropriately.
The quality of the segmentation obtained mainly defines acceptable
detection performance.

This paper compares several techniques for the automatic segmenta-
tion of blood vessels. It provides essential information on the different
algorithms, advantages, disadvantages, and results of the algorithms
employed for vessel segmentation.

Furthermore, different algorithms are compared with the most com-
mon performance metrics and databases in the state of the art. The
results obtained in this article allow a review of the different techniques
in the state of the art, analysis, categorize, and provide a source with
the necessary information to choose a suitable segmentation technique
for vessel segmentation.

The rest of this paper is divided as follows: Section 2 describes
retinal images and retinal vessels. Section 3 summarizes the principal
databases used in vessel segmentation. Section 4 describes the perfor-
mance metrics commonly used to evaluate the performance of vessel
segmentation. Section 5 Describe the main preprocessing techniques
used. Section 6 The principal methods for vessel segmentation are
discussed. In addition, their characteristics, advantages, and disadvan-
tages are described. Section 7 shows trends and challenges of vessel
segmentation. Finally, Section 8 closes the paper with the conclusions.

2. Retinal images and retinal vessels

Retinal pictures can be taken with a specialized camera with a low-
power microscope. The fundus camera can reveal details about the
structure of the retina. Images of the retina give a magnified picture
of the retina, macula, optic disc, fovea, and blood vessels. Fig. 1 shows
the morphology of a retinal image with the principal landmark features.

A fundus camera is defined in terms of its field of view (FOV); 30
to 120 degrees are the FOV ranges commonly used. Higher magnifi-
cation is available with a lower FOV, but the retina is imaged over
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a smaller region. A more detailed and in-depth explanation of fundus
imaging, Optical coherence tomography imaging, and more is described
masterfully in [32,33].

Retinal vessels are the fundamental component of most automated
computer-aided methods for detecting retinopathy illnesses. In contrast,
manual segmentation of retinal blood vessels is usually a task that is too
time-consuming and requires years of specialized training and skill.

A significant amount of current research is focused on accurately
extracting the retinal structure; however, it is an open challenge be-
cause of many segmentation issues such as illumination during image
acquisition, noise, small vessels lost or eliminated due to segmentation,
and poor contrast, single vessel segmented as two parallel vessels due to
inadequate illumination causing a gap in the segmented vessel, and in
comparison parallel vessels segmented as a single large one, and other
problems as described in [34-36].

3. Databases

There are several databases used to evaluate the performance of
the techniques. However, most of the papers in the state of the art use
two databases (Drive and Stare). In this Section, we show the datasets
most used to vessel blood segmentation. Table 1 shows a summary of
databases commonly used.

DRIVE (Digital Retinal Images for Vessel Extraction). This database
includes a total of 40 color fundus photographs, each of which is in
JPG format. Seven of the 40 images present exudates, hemorrhages,
and pigment epithelium changes. All images were captured with 8 bits
per color plane at 768 x 584 pixels, and the 40 images were divided
into a test set and a training set, with 20 images [37].

STARE (STructured Analysis of the Retina). The database STARE
comprises about 20 images of the retina, of which ten images are classi-
fied with pathological features and ten as normal (healthy). The images
have 8 bits per color channel and were digitized with a resolution
of 650 x 500 pixels [38]. The database contains the hand-labeling of
arteries and veins done by two experts.

ARIA (Automatic Retinal Image Analysis), this database allows on-
line analysis of the images, comprising approximately 212 images,
where 92 images are classified with age-related macular degeneration,
59 as diabetes, and 61 as a control group. One hundred fifty images
are taken for the training set and 40 for the test set. This database was
created in 2006; the images are captured in RGB color with 8 bits per
color plane and a resolution of 768 x 576 pixels [39].

ImageRet (Image retinopathy), in this database, two subsets of data
are included that contain retinal images affected by diabetes. The first
is called DIARETDBO. It consists of 130 images, where 20 images are
normal and 110 as diabetic retinopathy (DR). In the second subset,
DIARETDB1, 89 images are included, where only five are normal, and
the other 84 have proliferative diabetic retinopathy. This database was
publicly opened in 2006. The images have a resolution of 1500 x 1152
pixels in PNG format [40].

MESSIDOR (Methods to Evaluate Segmentation and Indexing Tech-
niques in Retinal Ophthalmology) is one of the most extensive and
complete databases found on the internet. The database contains 1200
images of the retina with several pathologies and images with charac-
teristics of dilated pupils (800 images). Images were obtained with a
resolution of 1440 x 960, 2240 x 1488, or 2304 x 1536 pixels and are
stored in TIFF format [41].

CHASEDB1. The database contains 28 eye fundus images with a
resolution of 1280 x 960. Two sets of ground-truth vessel annotations
are available. The first set is commonly used for training and testing.
The second set acts as a “human” baseline [42]. It is also available on
Kaggle (https://www.kaggle.com/datasets/khoongweihao/chasedb1).

ROC microaneurysm set is one of the most recent databases used in
various research works. It contains 100 images of the fundus in color
containing microaneurysms, where 50 images are used for the training
set and 50 for the test. The images have three different sizes; 768 x 576,
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Fig. 1. Important landmark features like the retinal arteries, fovea, macula, and optic disc are shown in the fundus retinal picture.

Table 1
Fundus retinal image databases used to retinal vessel segmentation.
DATABASE Classes Size Resolution
DRIVE 7 diseases 33 normal 40 768 x 584
STARE 10 diseases 10 normal 20 650 x 500
ARIA 151 diseases 61 control group 212 768 x 576
IMAGERET 194 diseases 25 normal 219 1500 x 1152
MESSIDOR 1200 diseases 800 pupil dilation 2000 1440 x 960,
2240 x 1488,
2304 x 1536
CHASEDB1 - 28 1280 x 960
ROC MICROANEURYSM SET 100 diseases 100 768 x 576,
1058 x 1061,
768 x 584
REVIEW - 16 -
HRF - 16 3504 x 2368
DR SCREENING INITIATIVE - - 2812 x 2442
IOSTAR - 30 1024 x 1024
RC-SLO - 40 360 x 320
XCAD - 40 512 x 512

1058 x 1061, and 1389 x 1383 pixels, and was JPEG compressed in the
camera [43].

REVIEW (the Retinal Vessel Image set for Estimation of Widths).
The database contains 16 images. The 16 images are grouped into four
sets, the high-resolution image set, for its acronym HRIS (8 images).
The vascular disease image set, for its acronym VDIS (4 images), the
central light reflex image set, for its acronym CLRIS (2 images), and
the kick point image set, for its acronym KPIS (2 images) [44].

HIGH-RESOLUTION FUNDUS (HRF) Image Database. The public
database contains 16 images of healthy patients, 16 images of patients
with diabetic retinopathy, and 16 images of glaucomatous patients.
Binary gold standard vessel segmentation images are available for each
image. The plane resolution of HRF is 3504 x 2368. Also, the masks
determining a field of view (FOV) are provided for particular databases.
Experts in retinal image analysis and clinicians from the cooperated
ophthalmology clinics generate the gold standard data.

DR SCREENING INITIATIVE. The database has 9653 ungradable
retinal images and 11347 gradable images. All images are non-mydriatic,
have a 45 degrees FOV and a resolution of 2812 x 2442 pixels. All
the images have been graded by human graders, thus confirming their
gradability labels.

The IOSTAR vessel segmentation database includes 30 images with
a 1024 x 1024 pixels resolution. All the vessels in this database are
annotated by a group of experts working in retinal image analysis.

Additionally, the database includes annotations for the optic disc and
the artery/vein ratio.

Scanning Laser Ophthalmoscopy RC-SLO database from Retina Check
contains 40 image patches with a 360 x 320 pixels resolution. Images
are acquired with an EasyScan camera (i-Optics Inc., the Netherlands),
and all the vessels are annotated by a group of experts working in
retinal image analysis.

X-ray angiography coronary artery disease (XCAD) database with
coronary angiography images. Each image has a resolution of 512 x 512
pixels with one channel. The training database consists of 1621 mask
frames and 1621 coronary angiograms. The testing database contains
126 independent coronary angiograms with vessel segmentation maps
annotated by experienced radiologists.

4. Performance metrics

The performance metrics compare the proposed segmented and
ground truth images in the blood vessel segmentation process.

There are different metrics to evaluate a segmentation or evaluate
pixel classification. The performance also can be expressed in terms of
true positives (TP), true negatives (TN), false positives (FP), and false
negatives. (FN).

In this context, we will have a segmented image with two crucial
areas: the blood vessels, the interest pixels, and the fundus or the
surrounding tissue, which are the points of no interest pixels. TP results
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if a blood vessel pixel is correctly classified as a vessel and TN if the
non-vessel pixel is correctly classified as a non-vessel pixel. In other
words, this event happens when background pixels are classified as
background.

On the other hand, False positives are the incorrectly identified ves-
sel pixels, and false negatives are the incorrectly identified background
pixels.

The performance metrics that we can obtain based on these events
are the following:

4.1. Sensitivity (Se)

Sensitivity is also seen as true positive rate (TPR) and can be
defined as the proportion of pixels correctly classified as blood vessel
pixels [45]. The range of sensitivity has a scale from 0 to 1. Sensitivity
can be calculated as follows:

TP

Se=——"
TP+FN

(€8]

4.2. Specificity (Sp)

Specificity is also seen as True negative rate (TNR) can be defined
as the proportion of pixels correctly classified as non-vessel pixels. The
range is between 0 and 1. Specificity can be calculated as:

TN

Sp=
TN +FP

(2)
4.3. Accuracy (Acc)

Accuracy is the relation of the sum of TP and TN among the total
number of pixels or the sum of TP, TN, FP, and FN. The mathematical
expression is as follows:

TP+TN

Acc =
TP+TN+FP+FN

3

4.4. A false positive rate (FPR)

FPR is the complement of specificity and can be defined as the
proportion of pixels wrongly classified as blood vessels. FPR can be
calculated using two formulas:

FPR=—1P _ @
TN+ FP
FPR=1-Sp )

4.5. Area under curve (AUC)

In this concept, the important point is the area. This area is formed
under the curve, commonly called the Receiver Operating Character-
istic (ROC) curve. The ROC curve plots the graph between sensitivity
and the portion of non-vessel pixels wrongly assigned as vessels (FPR).
The value of the area under the curve (AUC) should be 1 for a model
that classifies the examples perfectly and 0.5 for a model with a purely
random guess.

4.6. Matthews correlation coefficient (MCC)

MCC is a tool for measuring a binary classification or a segmentation
and measures the differences between the actual and predicted values.
The formula used to calculate this coefficient is as follows:

(TN «TP)—(FN % FP)

= ©
V(TP + FPYTP+FN)YTN + FP)TN + FN)

Mcc
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5. Preprocessing techniques

Image preprocessing is a crucial step in almost all vessel segmen-
tation techniques. Preprocessing operations do not add information to
the image. The main purpose of the preprocessing methods is to remove
or suppress unwanted distortions and highlight relevant information.
These operations are used, taking care not to delete essential informa-
tion. Some examples of image preprocessing include Color and space
color selection, Brightness corrections, Image Filtering, and restoration.

The inappropriate use of image preprocessing may distort the image
and change the nature of the raw data. However, intelligent use of
image preprocessing can have dramatic positive effects on the quality
of segmentation and ultimately lead to better local or global feature
detection and image analysis results.

Some researchers use different image preprocessing techniques to
improve the segmentation performance. Chaudhuri [46] proposed an
algorithm where image enhancement is done before the segmentation
of vessels using a 5 x 5 mean filter which reduces the effect of
spurious noise. Marin et al. [47]. In this research, the original image
is preprocessed first to reduce improper illumination in the image and
remove the vessel central light reflex problem. The Gaussian kernel is
used to smooth the noise. In their experiments, the authors use several
types of filters of different sizes (mean filter 3 x 3, Gaussian kernel
9 x 9, and mean filter 69 x 69). Ocbagabir et al. [48] improved the
blood vessels by using techniques of preprocessing and postprocessing
with morphological operations and Adaptive Histogram Equalization.
The median filtering technique is used to remove noise.

Moccia et al. [49] In their research, they works with a flow of
vessel segmentation, where, from an in-depth analysis, improvement
approaches in blood vessels are highlighted. Therefore, it describes
the preprocessing of images as a normalization of the data in an
image and, likewise, improves the contrast. In this stage, the im-
ages are processed through various procedures such as global contrast
and data augmentation through geometric transformations and gamma
corrections.

Fraz et al. [50] use a combination of certain preprocessing tech-
niques. First, morphological operators are applied, and with the help of
an SVM, this technique uses the green channel of the image. Wavelets
are used to process the original image and highlight the blood vessels.
The familiar line detectors are used to highlight the thinnest blood
vessels.

Biradar and Jadhav [51] propose an automated method to identify
the optic disc based on two methodologies: a localization method-
ology and a boundary segmentation methodology. The authors use
morphological processing and a Gaussian filter to obtain adequate
segmentation, eliminating the image’s existing noise.

Before the segmentation process, image preprocessing is used to
remove bad lighting effects and different types of noise, besides increas-
ing the contrast between the background and the retinal blood vessels.
Preprocessing and postprocessing techniques play an important role in
accurate segmentation. In this Section, we describe the preprocessing
techniques most used in the state of the art.

5.1. Brightness correction

5.1.1. Gamma correction

Gamma correction adjusts the brightness of an image by applying
a nonlinear function to the pixel values in the input image. Gamma
correction improves contrast and detail in an image by making dark
regions brighter and bright regions darker. The effects in the image
cause it to be perceived as more realistic and natural.

The new pixel values N (k) in an image can be obtained by

1

N(k)=0(k)" )

where N (k) represents the kth pixel value in the output image and O(k)
represents the kth pixel value in the input image. and y is the gamma
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correction, which determines the degree of correction. A gamma factor
greater than one will darken the image, while a gamma factor less than
one will lighten it. However, in most real-life applications, the gamma
correction ranges between 1.8 and 2.5.

5.1.2. Histogram equalization

Histogram equalization is a non-linear process technique that ad-
justs the distribution of pixel values in an image, obtaining a smooth
histogram in the output image. Histogram equalization can be applied
to color or grayscale images. However, in color images, it can affect
color balance and saturation.

An image in greyscale in 8 bits has 255 intensity levels, k =
0,1,2,...,255) and the probability density in the input image for the
intensity x, is p,(x;). The cumulative histogram is given by

k

Yo =Y pa(xy) ®
j=0

where y(x;) is the sum of all the histograms bins from k = 0 to the

actual k for the image x The new pixel values y(k) in an image can be

obtained by

k k
. 1 .
LOEDWAOESEINO) ©
j=0 j=0
where k the population of the kth level is given by n, and the total
number of pixels in the image is N.

5.1.3. Sharpening filters

Sharpening filters are techniques that improve an image’s sharpness
by highlighting objects’ edges and boundaries. Obtaining clear images
and crisps because sharpening filters reduce blur caused by camera
movement or focus. One of their advantages is that they can highlight
the texture and detail in an image by increasing the contrast between
adjacent pixels.

To implement sharpening filters, a template convolution operator
is necessary, commonly called kernel. The kernel is a matrix that
describes the weight of each neighbor in the new pixel. A common
sharpening filter is the Laplacian filter. The following two small kernels
are frequently used:

0o 1 O 1 1 1
Li=11 -4 1 Ly=| 1 -8 1
o 1 0 1 1 1

The center of the kernel subtracts the average of the neighboring
pixels from the center pixel, which amplifies the difference between
them.

5.1.4. Contrast limited adaptive histogram equalization (CLAHE)

CLAHE is a variant of Adaptive Histogram Equalization (AHE) that
deals with local contrast over-amplification. In other words, it is a
handy algorithm for enhancing low contrast in an image. The main
job of this algorithm is eliminating noise, taking full advantage of the
spectrum of gray levels, and giving greater precision in contrast details
by generating sharper edges.

Unlike other algorithms, CLAHE does not operate on the entire
image. It is developed in small regions of the image called mosaics.
Neighboring tiles are then combined using bilinear interpolation to
remove artificial boundaries.

The benefits of CLAHE are most noticeable in color images, where
it is commonly applied to the luminance channel, and the results after
equalizing only the luminance channel of an HSV image are much
better than equalizing all channels of the RGB image. Fig. 2 (¢) shows
an image using the CLAHE algorithm.
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5.2. Image filtering

Image filtering can modify the digital image values of each pixel
p by a function of the neighbor’s value and the pixel p known as
convolution mask or kernel. The size of the kernel determines the extent
of the neighborhood considered during convolution, common kernel
sizes include 3 x 3,5 x 5, and 7 x 7.

5.2.1. Mean filter

The mean filter is a linear filter used for image smoothing and
noise reduction by replacing the value of each pixel in an image
with the average value of its neighboring pixels. The larger the kernel
proportionally influences, the stronger the smoothing effect, but it can
also cause a loss of image details. The convolution operation using
the mean filter can replace each pixel by a weighted average of its
neighborhood pixels as follows:

vimm)y =Y Y atk,hy(m—k,n=1) (10)
(kEW

where y(m,n) y v(m, n) are the input and output images respectively, W

is the window selected, and a(k,!) are the filters weights.

5.2.2. Median filter

The median filter is commonly seen as smoothers in digital image
processing. Among its advantages is its ability to attenuate noise and ro-
bustness and preserve sharp high-frequency details (edges). The biggest
advantage of the median filter is that it can eliminate the effect of input
noise values with very large magnitudes.

v(m,n) = median[y(m — k,n—1),(k,1) € W] an

where W is the window selected.

5.2.3. Gaussian filter
Gaussian filters reduce noise and smooth an image. The values in the
Gaussian kernel are determined by the Gaussian function, which gives
more weight to the central pixel and gradually reduces the weight as
the distance from the central pixel increases, which creates a blurring
effect, where sharp transitions and noise in the image are smoothed
out.
The formula for the 2D Gaussian function is given by:
2

_m24n?

e 22 12
2rc? (12)

v(m,n) =

5.2.4. Gabor filter

Gabor filters is a linear filter used for edge detection. Gabor filters
have frequency-selective and orientation-selective properties and have
optimal joint resolution in both spatial and frequency domains. The
Gabor filter is used for texture discrimination and representation.

5.3. Morphologic operators

5.3.1. Dilation and erotion
Image A may still contain pixels that belong to the background, to
remove them without altering the characters, the image is eroded:

A, =A0B=("y) | (" +i/+)) € Py, (i,)) € Py 13)

Where A is the original image, A, is the eroded image, and © denotes
the eroding operator using the mask B.

Now the morphological dilation operation is used to restore possible
broken or incomplete characters. This can be done using the following
operator:

Ag=A®B=())=Gx+iy+ )| &,Y)€ Py, (i,j)€ Py 14
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Fig. 2. Vessel segmentation: (a) Original retinal fundus image (“Image_01L.jpg” from Chase Database), (b) green channel of the original image, (c) Enhanced image using CLAHE,

(d) Manual segmentation (“Image_01L_1stHO.png” from Chase database).

5.3.2. Methods to eliminate noise in binary images

Among the morphological operations, some techniques serve to
eliminate noise in images. The following equations allow us to carry
out this work.

1. Remove noise (black dots) from white areas.
Php=P+(b-g-(d+e)+(d-e-(b+g)) (15)
2. Remove noise (white dots) from black areas.
Py=P+(((a+b+d)-(e+g+h)+((b+c+e)-(d+ f+g)) (16)
3. Reconstruct corners of white images.
+ Upper right
Pp=P-d-f-g-(atb+c+e+h +P 17)
« lower right.
Py=P-a-b-d-(etc+f+g+n+P 18)
» Upper left.
Pyp=P-e-g-h-a+tb+tc+d+f+P (19)
» Lower left.
Py=P-b-coecatd+f+g+h+P (20)
4. Reconstruct corners of black images
« Upper right

P0=P-(d+f+g)+a~b~c-e-h~P 21)

Lower right.

Py=P-(a+b+d)+c-e-f-g-h-P (22)
 Upper left.

Py=P-(e+g+h)+a-b-c-d-f P (23)
» Lower left.

Ph=P-(b+c+e)+a-d-f-g-h-P (24)

5.4. Color transformations

5.4.1. RGB to HSV

Mapping the RGB space to HSV space color, given @ = [r, g, b] the
color vector in RGB space and ¢ = [h, s, v] the resulting vector when
mapping @ into the HSV space.

unde fined, r=g=5b
©=1 cos! (#) otherwise @5
2V/(r—g)?+(r—b)(g—b)
0, b<g
h= 26
{ 2r—-0,b> g (26)

0, max(r,g,b) =0
- | 27
1— min(r,g,b) , otherwise ( )
max(r,g,b)
v = max(r, g, b) o

5.4.2. HSV to RGB

Mapping the HSV space into the RGB space, given the color vector
in the HSV space ¢ = [h, s,v] and @ = [r, g, b] the resulting vector when
mapping ¢ into RGB space: if 4 = undefined thenr=v,g=vand b=v
otherwise

q k=1
b, 2<k<3
= 2
Al IS k=4 (29)
v, otherwise
t, k=0
v 1<k<?2
= ’ - = 0
g =1 " k=3 (30)
p, otherwise
b, 0<k<1
t, k=2
"=V 0 3<k<4 (81)
q, otherwise
where:
3
k=|=h (32)
3
3
f==h-k (33
T
p=vx(l-s) (34
g=vx(1=(sxf) (35)
t=vX({1=(sx{1=1)) (36)

5.4.3. RGB to HSI

Mapping the RGB space into the HSI space, given @ = [r, g, b] RGB
color and ¢ = [h, s, i] is the resulting vector of mapping @ into the HSI
space:

undefined, r=g=b
0= cos™! <M> ,otherwise G7)
2V/(r—g)?+(r—b)(g—b)
_ 0, b<g
h'{ 2r—0,b>¢g (38)
s=1-— M (39)
1
i= rteg+b (40)

3
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5.4.4. HSI to RGB

Mapping the HSI space into the RGB space, given the HSI vector
color ¢ = [h,s,i] and @ = [r, g, b] is the resulting vector of mapping ¢
into RGB space:

If h=undefined thenr=i, g=iand b=i. f0< h < §7z then

b=i(l1-5s) (41)

r=i 1+—S<C°Sh ) (42)
cos g—h

g=3i(1—r—b) (43)

2 3
If 37[S1’l< Zﬂ' then

r=i(l—ys) (44)
5 COS (h— %71')

g=1 1+ m (45)

b=3i(l-r—g) (46)

If §n5h<2n then

g=i(l-y3) 47)
scos(h — %ﬂ')

b=il|ll+ 5— (48)
COS(EIE - h)

r=3i(1—g—b) (49)

5.4.5. RGB to L*a*b

To transform RGB space into the L*a*b, given @ = [r, g, b] the RGB
color vector and ¢ = [/, a, b] is the resulting color vector of mapping @
into L*a*b space
Y

L* =116f(—)— 16 (50)
Yref
a*=500[f( X\ _p X )] 1)
Xref Yre/'
B =200 [f( Yo )] (52)
Yref Zref
X] [o04124 03575 0.1804][r
Y |[=]02126 07151 0.0721]|¢ (53)
z| (00193 0.1191 09502 (|5
-5
where § = 35
3 3
t, t>6
f(t) = t \/- 4 3 (54)
352 + 39° t<é
5.4.6. L*a*b to RGB
The inverse operation is defined by
L*+16 a*
X=X, h(—2+ 2 55
rer M6 * 500 5
L*+16
Y =Yerh(=e) (56)
L*+16 b=
Z=2Z, h(—= -2 57
rer M5~ ~ 200 (57)
where
hH) = 3, t>6 8)
Y 382 - 219) 1<$
F1 [04121 03575 0.1804] ' [Y
gl=l02126 07151 00721 |Xx (59)
b| 100193 0.1194 09502 |z

The values X,,, Y, and Z,,, are obtained replacing the tristimulus
values for white reference.
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6. Segmentation techniques

Digital image processing (DIP) focuses on developing algorithms to
perform processing on an image. The principal types of images pro-
cessing are: Visualization [52], Recognition [53-59], Sharpening and
restoration [60], Pattern recognition [61-64] and Retrieval [65,66].

One of the most challenging elements of DIP is still image segmenta-
tion [67,68]. Segmentation is the building block of many algorithms in
computer vision and pattern recognition, whose main goal is to perform
sophisticated visual analysis and understanding. The effectiveness of
the pattern recognition or vision system is based on image segmenta-
tion. Segmentation is crucial for adequate feature extraction [69-71].
Image properties such as brightness, color, depth, pixel intensity, and
texture are commonly used by the image segmentation algorithms [72].

Segmentation techniques based on Edge detection, threshold,
histogram-thresholding, region growing, clustering, and neural net-
works are a few vessel segmentation techniques presented in the
literature [73]. In this paper, we provide a number of research that
use these strategies, but we also present comparable studies that make
use of alternative methodologies.

6.1. Methods based on threshold

This subsection shows the most important threshold techniques:
Mean-C thresholding, hysteresis thresholding, Global threshold, adap-
tive threshold, and Otsu thresholding method.

6.1.1. Mean-C thresholding

Most thresholding segmentation techniques are simple but effective
tools to separate objects from the background. Mean-C thresholding is
proposed in [74], and it is a simple thresholding segmentation tech-
nique whose main advantage is that it is applicable in badly illuminated
images.

The mean-C thresholding technique calculates a threshold for each
pixel in the image based on local statistics. The threshold is calcu-
lated using the following steps. A mean image is first generated by
convolving the image with a mean filter of window size N x N. The
mean filter smooths the background and enhances the image. Next, the
mean-filtered image is subtracted from the original image to produce
a different image. The image is thresholded with the constant value C
which is selected appropriately.

6.1.2. Hysteresis thresholding

Thresholding methods use one threshold to segment; hysteresis
thresholding methods use two thresholds T7j,, and Tj,,. Standard
thresholding methods convert any intensity below the border to black
and above it to white. On the other hand, the Hysteresis thresholding
uses various considerations to segment the image, allowing for there to
be fewer white segments in the resulting image. This process improves,
in many cases, the resulting segmentation.

6.1.3. Global threshold

Intensity thresholding is the most basic idea in segmentation; the
technique is an extreme form of gray-level quantization. Global thresh-
old creates a binary image b(x, y) from an image I(x, y) according to a
simple criterion.

_ 1, I(x,y)>th
b(x,y) = { 0, otherwise

(60)

where th is the threshold. Global threshold is a fast segmentation
technique with low computational cost.
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6.1.4. Adaptive threshold

The proper threshold level setting for the global threshold approach
is a serious factor. These settings are often chosen manually through
trial and error. However, many processing tasks are required to select
a threshold automatically.

Sonka provides information on an adaptive method for automatic
threshold in [75]. First, the threshold is estimated, often by determining
the mean grey level across the entire image. Then the threshold is then
improved using Algorithm 1.

Algorithm 1 Adaptive threshold algorithm

Input: Image I

Output: Threshold T

: Compute 4, the mean gray level of the whole image

Tyq =0

Trew = (11 + ”2)/2

while T, # T, do
u; = mean gray level of pixels for which I(x,y) < T,,,,
H, = mean gray level of pixels for which I(x,y) > T,,,,,
Tog = Toig
Trew = (u1 + /42)/2

O P NI A WN

end while

The algorithm is iterated recursively until the threshold stops chang-
ing. The threshold has then gotten to its best estimation value.

6.1.5. Otsu method

Otsu’s method is important because it can work on images with
noise and poor lighting. The main advantage is that it is an automatic
method whose application does not require human supervision or prior
information. Several methods exist to find the threshold based on the
average of the gray levels in a binary image. However, Otsu’s method is
a sophisticated way of obtaining the threshold compared to traditional
methods.

This sophistication comes from minimizing the weighted intra-class
variance and maximizing the inter-class variance by passing through
all possible threshold values. In this Section, the operation of the Otsu
algorithm is shown in Algorithm 2.

It should be noted that this method does not require prior infor-
mation on the image before processing and does not require human
supervision to calculate thresholds. where C, c {1,...,k} and C; C
{k+1,...,L} define the intensity levels of each set. w, and w, are
computed by wy(1) = P.(C,) = Zf.;l P(i) = w(k) and w,(t) = P.(C)) =
Z,L= w1 PO = 1 — w(k) respectively. The means for C; and C,, are
calculated by

k

o PG uk
_ PlCo = PO _ 61
Ho(D) ;1 (| Co) leo(t) w(k) oy
L
- PO Hr
_ PlCn = _ 62
up (t) Zl (i1 Cp) ,-:%.1 l_wl(t) 1 — w(k) ©2

Algorithm 2 Otsu algorithm
Input: Image I
Output: Threshold T

1: Compute P, the probability of occurrence of the gray level of an
image, P, = , n; = number of pixels with level intensity i

n
XN
2: Compute the accumulative sum Pi(k) = Zﬁ:o p;» where k =
0,1,...,L-1

:forall k=2,...,L—-1do

Define C, and C,

Compute w and w;

Compute yu, and y,

Obtain max; (c2)
end for

N hw
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The variance is calculated by

2 . 2ps & (i = ) P
of = Z}(z - p)*Pi(i | Cp) = Z:, — (63)
L L .. ZP‘
o} = ;l(i—unzpt(flcl):Z% (64)
i=k+ i=

Finally, we get the threshold for which 62 has the maximum value
0'120 = woag + bU10'12 (65)

Minimizing the intra-class variance is equivalent to maximizing
inter-class variance

o‘i = o? - Gi}(l‘) (66)
= wo(N(Hy — ur)* + w Oy — pr)* 67)
= wow, (Olue(®) — uy (O (68)

Several researchers use the Otsu method to segment vessels’ blood
images. Thresholding methods are popular due to their robustness,
simplicity, and accuracy.

In [76], the authors proposed an unsupervised approach using a
combination of the Hessian-based and intensity transformation ap-
proaches. The authors used Otsu to segment thick vessels and local
thresholds to obtain thin vessels. The authors use some preprocessing
techniques to clean and enhance the image. CLAHE is used to improve
the contrast in the image, and a PSO algorithm is used to obtain
the optimal parameters of CLAHE. Morphological filter and Wiener
filter are used to de-noise the image. The authors use an intensity
transformation approach to the enhanced image to maximize the vessel
details.

In [77] was proposed a new framework using CLAHE, morphologi-
cal filter, and hessian matrix as preprocessing techniques. The authors
segment wide and thin vessels in two steps using Otsu thresholding.
The authors argue that the framework performs efficiently against
noise and extract thin vessels. The proposed method is robust and
computationally efficient.

Jiang et al. [78] combined matched filtering and morphological
processing techniques. The proposed framework achieves higher accu-
racy and better robustness, and the authors argue that it decreases the
computing complexity and shortens the execution time. The image is
used in greyscale. The method segments the venules and capillaries
separately using two parallel branches. It avoids removing capillaries
by having very low contrast.

Wang et al. [79] used Hessian-based vessel filtering and fuzzy
entropic thresholding. The use of multi-scale allows to segment vessels
with various widths. The framework uses a histogram thresholding-
based method capable of vessel segmentation by incorporating direc-
tional linear information. The fuzzy entropic concepts determine the
threshold values.

In [80], preprocessing operations are carried out to improve image
segmentation. The approach proposes preprocessing techniques such
as the Laplacian operator, homomorphic filtering, and the CLAHE
algorithm to enhance the input image. Then the optic disk is removed
from the enhanced image, and suitable threshold values are obtained
using a threshold technique based on hysteresis with a dynamic Ty,
value obtained from the Otsu method.

Yao [81] proposed a fast 2D-Otsu algorithm by using distributed
genetic algorithm based on a migration strategy. The proposed Otsu
algorithm can tackle the problem of low contrast in retinal images. The
framework combines the Otsu method with PCNN.

Ali et al. [82] used the Frangi filter and Otsu thresholding on the
high-boost filtered image to achieve segmentation. The Frangi filter
uses a Hessian eigen values-based approach to enhance the vessel’s
contrast. Their experiments show a detailed comparison of three-vessel
segmentation algorithms with different-resolution images.
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Table 2
Performance measures, preprocessing and postprocessing techniques to retinal segmentation based on thresholding segmentation methods.
Author Preprocessing Technique Postprocessing Database Acc Sn Sp
Bahadar et al. [77] CLAHE, Top-Hat Otsu Pixel/area based DRIVE 0.9607 0.7462 0.9801
Transform, Hessian thresholding STARE 0.9458 0.7580 0.9627
Matrix
Jiang et al. [78] Greyscale transform Top-Hat Transform, Erosion DRIVE 0.9538 0.9159 0.9559
Thresholding STARE 0.9515 0.6667 0.9813
Dash and Bhoi [85] Median Filtering, Mean-C Erosion, dilation DRIVE 0.955 0.719 0.976
CLAHE
Ozkava et al. [84] Greyscale Transform, Otsu Morphological DRIVE 0.956 0.85 0.963
Gaussian and Wiener operators
Filter
Wang et al. [79] Median filtering, Fuzzy entropic Threshold selection DRIVE - 0.5350 -
Histogram thresholding
equalization
Aguirre et al. [83] Low-pass radius filter Gabor Filter, Morphology operators DRIVE 0.9503 0.7854 0.9662
fractional Gaussian STARE 0.9231 0.7116 0.9454
derivative, threshold
Mapayi and Owolawi Median Filtering Otsu Morphological DRIVE 0.9551 0.7020 0.9796
[86] Opening and median
filter
Ali et al. [82] Frangi filter Otsu thresholding - DRIVE 0.9889 0.6551 0.9805
STARE 0.9111 0.6577 0.8999
Mahapatra et al. [80] CLAHE, Laplacian Mean Global based on Morphological DRIVE 0.9605 0.7035 0.9854

Filter, homomorphic
filter

Hysteresis

Opening

In [83], the authors incorporated fractional Gaussian derivative to
a Gabor Filter Bank (GFB). The authors affirm that the combination of
these techniques prevents the blurring of the blood vessel borders while
keeping the benefits of the Gabor Filter. These two operations allow a
thresholding classification rule since they produce a subspace where
the samples from each class appear separated.

Ozkaya et al. [84] used G channel and image sharpening to make
blood vessels more prominent. The authors use a noise removal process
in small steps to avoid being removed from image capillaries. If the
noise removal is applied carelessly, the capillaries are damaged, and
vessel geometry is disturbed. The authors use the Otsu threshold and
morphological operator in the pot processing.

Dash and Bhoi [85] thresholded the images using mean-C thresh-
olding to detect the required blood vessels from the background.

In [86], the authors propose research on the suitability of a multi-
thresholding approach based on Otsu global thresholding technique for
the segmentation of retinal vessels.

Due to the variations in the width of the veins, when segmenting the
image, the thinnest veins are eliminated as they have very low contrast.
It is characteristic of the retinal fundus image. The global thresholding
techniques have not been efficient for retinal vessel network segmenta-
tion. To tackle this problem, the researchers use a multilevel threshold,
a first phase for the venules structure extraction, and a second phase
for capillary detection as a complement.

Histogram thresholding-based methods: Typically, a histogram-
based image segmentation comprises three stages: Recognizing the
modes of the histogram, finding the valleys between the identified
modes, and applying thresholds to the image based on the valleys.
Some works published in this field cover the peaks detection on the
histogram curve based upon homogeneity criteria, recursive threshold-
ing techniques based upon discriminant analysis, maximum correlation
criterion for multilevel thresholding, entropy-based, using fuzzy sets,
among several others.

One of the simplest and most used methods for segmenting blood
vessels in retinal images is thresholding. Pixels are categorized using
their intensity levels or other image properties in this type of image
segmentation. When the contrast between blood vessels and the back-
ground is strong, thresholding techniques work effectively, making it
relatively simple to distinguish the two regions. As we reported in
Table 2, the most promising method is Otsu, since Otsu’s thresholding
automatically finds the optimal threshold that minimizes the intra-
class variance between vessel and background pixels, maximizing the

inter-class variance of pixel intensities. On the DRIVE database, the
authors reported models based on Otsu with accuracy, sensitivity,
and specificity scores up to 0.98, 0.85, and 0.96, respectively. These
values were 0.94, 0.75, and 0.97 on the STARE database. The three
preprocessing techniques that are most widely used are CLAHE, Hessian
Matrix, and Median Filtering. Additionally, postprocessing techniques
including dilatation, erosion, and opening are used.

The main advantages of the thresholding methods are the easy
implementation and fast training model. Moreover, the segmentation
process is simple in images with high contrast and obtains high preci-
sion.

The thresholding methods present problems in images with no
significant contrast or overlap of gray scales because threshold methods
consider the grayscale, not the spatial information in the image. Also,
the noise and the grayscale unevenness are a handicap for the method.
In some environments threshold method obtain good results in one
image region but not in the rest.

6.2. Tracking based methods

The algorithms of vessel tracking segment vessels are based on
manual/automatic selection of local information between two points,
seed positions, for a single vessel. This method consists of a vessel
containing local centerline information to discover the path of the
vessel profile model of best matched and tracking of each vessel with
certain properties. This approach gives information about the vessel
structure of branching and connectivity; the tracking algorithms do not
detect the vessel that is not a seed point, and missing any bifurca-
tion point results in an undetected subtree of an accurate vessel that
provides the information about the individual vessel. The advantage
of tracking techniques is their competence since only pixels near the
preliminary points are analyzed. The disadvantage of this technique is
that refined approaches are introduced due to the complex intensity
profile at branching or crossover positions. Because vessel bifurcation
is poorly modeled, the process often tends to end at these positions,
leading to incomplete segmentation. The basic tracking approach is
described as follows [87]:

1. Initialization

+ Two initial edge points are selected manually diametrically
opposed on the interested blood vessel.
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« A central point is chosen, and the initial tracking direction
is defined along the local vessel’s direction. Iteration

2. Iteration

Vessel edge points, center point, direction, and diameter
are obtained in the previous iteration.

A search window with a statistical sampling method selects
the most probable vessel configuration using Bayesian the-
ory with maximum a posteriori as a criterion. The selection
is performed when all the possible configurations with two
edge points (normal), four edge points (bifurcation), or six
edge points (crossing) are tested.

The blood vessel parameters such as edge points, direction,
and diameter are obtained for the next iteration.

If the diameter of the blood vessel is less than one pixel,
the current vessel’s end is found, and the tracking of the
current vessel stops.

3. End

When the vessel branches are found, the algorithm obtains
all the initial information about the branches. In this situ-
ation, the current tracking process stops, and the tracking
of these branches considered new blood vessels, starts.

In [88] is introduced a medial-ness function for the 2D space,
which is weighted with a function to reduce the effect of asymmetric
structures. The resulting image is multiplied by the eigenvalues of the
Hessian matrix at every pixel of the image. Then, a noise reduction from
the image background while retaining vascular structures step is ap-
plied that uses a formula based on area and elongation. The boundaries
of vessels are estimated using eigenvalues and the result of the medial-
ness function. In [89], the vessel contrast is boosted using a 2D Gabor
filter. The vessel segmentation obtained using a multilayered thresh-
olding approach traces vessel boundaries and analyzes the connectivity
using various thresholds iteratively. It removes all false boundaries and
vessel segments before vessel tracking. In [90], was presented a method
that combines the bias correction of the intensity inhomogeneity of the
retinal image and a matched filter to enhance the appearance of the
vessels. The segmentation of the vessels is obtained as a response to the
matched filter using the expectation-maximization algorithm. In [91]
introduced a self-adaptive matched filter that combines the high sensi-
tivity of the vesselness filter with the high specificity of the matched
filter using an orientation histogram. An unsupervised segmentation
approach is introduced in [92]; the proposed method provides a basis
for the quantitative analysis of large databases. The authors follow
an approach of processing image data in a higher dimensional do-
main, but instead of using the local Radon transform, they rely on
the formal group-theoretical framework of orientation scores; besides,
a multi-scale approach is applied, using rotation invariant Gaussian
derivatives. [93] presented an approach based on a matched filter. The
matched filter-based methods compare variations in the intensity level
of the cross-section profile of the retinal image with the predetermined
template or kernel. The authors statistically analyze the gray scale
profile of the retinal images’ cross-section data. The extreme values of
the probability distribution functions, such are Gumbel, Weibull, and
Frechet, are analyzed to design a matched filter kernel of the vessels
segmentation. In [94] was introduced a tracking-based method where
several seed points are selected automatically on the image, which
provides initial parameters for the tracking algorithm. An automatic
two-step method based on grid line analysis is used to pick initial seed
points. The tracking process starts from each seed point and detects
vessel edge points iteratively until the end conditions are satisfied.
New vessel edge points are detected using a statistical sampling scheme
during the tracking process. A line segment is regarded as a linear
search window, which restricts the possible locations of new vessel
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edge points. The width of the linear window is adaptive to the local
vessel diameter to cover the potential positions of new edge points.
When all the seed points are processed, all the vascular tress is detected,
and the algorithm stops. In [95] was addressed a novel graph-based
approach to address tracing with the crossover problem. After the
initial segmentation and skeleton extraction, the graph representation
is established, where each segment in the skeleton becomes a node,
and a direct contact between two adjacent segments is translated to the
undirected edge of the corresponding two nodes. The skeleton segments
that touch the optical disk area are regarded as root nodes. Determining
the number of trees to find in the vessel network equals the number
of root nodes. In [96] was proposed an automatic anisotropic fast
marching-based geodesic method to extract the centerlines of vessel
segments. Every pair of points (from a set of pairs) provides the initial
and target points for one geodesic. For each pair of initial and target
points, a special Riemannian metric is computed with an additional
radius dimension to constrain the marching propagation so the method
can get a path without any shortcut. A vessel detection filter obtains
The points from a pre-segmented skeletonized image. In [97] presented
a curvelet-based method for vessel segmentation, which considers the
advantages of both the Jerman filter and curvelet transform for vessels
enhancement and mean-C thresholding to improve the performance of
the curvelet transform. [98] offered a principled way of addressing the
tracing with crossover problem. Local and global contextual informa-
tion is considered explicitly by connecting to the established algebraic
digraph theory and the transductive inference in machine learning.

In [99] was proposed a multi-layer perceptron neural network and
the selection of feature vectors. A 24D feature vector is constructed for
each image pixel, where information on the local intensity, morphology
transformation, principal moments of phase congruency, Hessian, and
difference of Gaussian values are encoded. Depending on mathematical
morphological operators, a postprocessing technique is employed to
optimize the segmentation. The selected feature vectors outfit the sym-
metric features, providing the final blood vessel probability as a binary
map image. [100] presented a combination of techniques, compactness
classifier, morphological operator, Gaussian, and thresholding. A func-
tion matrix box is added to classify the neovascularization of blood
vessels. In [101], presented a scheme based on radial projection and
semi-supervised methods. The radial projection method is employed
to locate the vessel centerlines, including the low-contrast and narrow
vessels. The steerable complex wavelet is modified to provide better
capability to enhance vessels under different scales and construct the
vector feature to represent the vessel pixel-by-line strength. Semi-
supervised self-training is employed to extract the major structures of
vessels. In [102] was proposed an edge tracking scheme. This method
detects edge points iteratively based on a Bayesian approach using
local gray level statistics and continuity properties of vessels. Com-
bining the gray level profile and vessel geometric properties improves
the robustness of the tracking process. [103] introduced a tracking
approach employing maximum a posteriori probability. The optic disk
is detected using analysis of principal components. The Gaussian filter
and intensity-gradient co-occurrence matrix segment the retinal vessel.
The starting points of vessels are detected around the optic disc. For
each vessel, tracking is performed employing Bayesian theory. A semi-
ellipse is defined to search a region according to the vessel’s width,
travel direction, and curvature. There are considered normal vessel,
vessel branching, and vessel crossing. In every step, the probabilities
of all combinations of candidate points are calculated, and vessel
structure and corresponding vessel edge points are determined via
Bayesian theory with the maximum a posterior. In [104] was presented
a tracking-based method using a probabilistic formulation, and a statis-
tical segmentation scheme is associated with the maximum a posteriori
as the criterion to estimate local vessel edges. [105] introduced an
automatic algorithm based on a parametric model of a vessel that
assumes a complex shape. The vessel tracing algorithm that exploits
the geometric model and actively seeks vessel bifurcation without



J. Cervantes et al.

Neurocomputing 556 (2023) 126626

Table 3
Performance measures, preprocessing and postprocessing techniques to retinal segmentation based on tracking segmentation methods.
Author Preprocessing Main algorithms Postprocessing Database Acc Sn Sp
Delibasis et al. [105] - Geometric vessel - DRIVE 0.9370 0.6731 0.9754
model
You et al. [101] Equalization Radial projection Morphological DRIVE 0.9434 0.7410 0.9751
operator STARE 0.9497 0.7260 0.9756
Moghimirad et al. Noise reduction Multi-Scale vessel Skeletonization DRIVE 0.9659 0.7852 -
[88] medialness detection STARE 0.9756 0.8133
Yin et al. [94] - Statistical sampling, - DRIVE 0.9267 0.6522 0.9710
gradient analysis, STARE 0.9412 0.7248 0.9666
iterative Bayesian
Method
Akram and Khan [89] 2-D Gabor Multilayered - DRIVE 0.9469 - -
thresholding STARE 0.9502
Zhang et al. [92] Luminosity Gaussian derivatives, - DRIVE 0.9446 0.7444 0.9708
Matching STARE 0.9511 0.7940 0.9707
Chakraborti et al. Vesselness filter Hessian matrix, - DRIVE 0.9370 0.7205 0.9579
[91] Matched Filter, STARE 0.9379 0.6786 0.9586
Orientation histogram
Chen and Cohen [96] Morphological filters Constrained Remove endpoints DRIVE 0.9397 - -
Anisotropic Fast
Marching
Singh and Srivastava Grayscale transform, Matched filter, Length filter DRIVE 0.9522 0.7594 -
[93] CLAHE optimal thresholding STARE 0.927 0.793
Tamim et al. [99] greyscale transform Feature extraction Closing operator DRIVE 0.9607 0.7542 0.9843
STARE 0.9632 0.7806 0.9825
Dash et al. [97] Jerman Filter Mean-C thresholding Morphological DRIVE 0.9600 0.7528 0.9933
operator
Kaba et al. [90] Bias Correction Expectation Length Filter DRIVE 0.9450 0.6645 -
maximization

intervention is described. The proposed algorithm uses the geometric
vessel model to determine the vessel diameter at each detected central
axis pixel.

Vessel tracking algorithms are used to segment and trace blood
vessels in retinal images or other medical imaging modalities. These
algorithms typically operate by selecting seed points (initial points) on
the vessels and then tracking the vessel’s path based on local informa-
tion in the vicinity of the seed points. The main goal of vessel tracking
is to construct the centerline or profile of each vessel accurately. In this
section, many tracking-based techniques were discussed. According to
Table 3. On the DRIVE database, models based on vessel centerline ex-
traction, Mean-C thresholding, and normalization design of NN testing
are the most successful, whereas a model based on vessel centerline
is the most successful on the STARE database. The Hessian Filter is
also the preprocessing technique that is used the most frequently, and
the authors additionally suggested using a variety of postprocessing
techniques.

6.3. Region growing

Region-based approaches group the image pixels into clusters, main-
taining connectivity among the pixels of the same cluster. In region-
based image segmentation, the intensity inside the zone is expected
to be roughly constant, to vary only gradually, or to be produced by
an appropriate probability model. Region-growing segmentation groups
pixels based on how similar they are; the similarity might be shown by
differences in intensity, texture, etc. The similarity parameter is defined
by a threshold value that adds a neighbor when the difference between
the seed pixel and the neighboring pixel is less than or equal to the
threshold value. The nearby pixel is grouped with the seed pixel only
if the requirement is satisfied, which completes the grouping of related
pixels that are a part of the same object.

In [106], the authors preprocessed the images by an adaptive equal-
ized histogram. They used in their experiments the green channel since
they considered the channel with the highest contrast between the
shapes. They also used the Gabor 2D wavelet technique to improve the
image’s contrast.

In [107], the authors selected seeds based on Binary Hausdorff
Symmetry (BHS). With the proposed method, a binary symmetry is
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defined in each pixel without the need to calculate the continuous
symmetry map and the threshold calculation. In addition to using BHS
is designed an edge distance seeded region growth (EDSRG) algorithm
with the seeds acquired with the BHS method.

In [108], the authors proposed a method that extracts all blood
vessel-like objects using the Laplacian operator technique and removes
noisy objects. They define a noisy object when they detect the center
lines with the normalized gradient vector field, and each center line
is obtained by combining the low-contrast center lines with the high-
contrast center lines. High contrast is removed if a low-contrast center
line is not close to a center line.

In [109], the authors applied preprocessing by normalization of the
background of the images. In their experiments use only the green color
channel. Once the preprocessing is done, they perform an enhancement
of the bifurcations in the blood vessels, applying line detection filters
with four angles (0°, 45°, 90°, and 135°), the difference of Gaussian
filters (DoOG) for the selection of candidates of possible lines, the union
of each candidate point is performed to identify each segment. Finally,
a binary morphological reconstruction is applied, and the segmentation
is concluded using the center of the pixels within the lines of the central
segment.

In [110], the authors used only the green color space, combining
a hysteresis threshold with the similarity of the vector of the adjacent
pixels. The authors build a score map to identify possible seeds with
the combination of the statistical measures of the response vectors and
local maxima. The algorithm performs a segmentation for each vector
applied to the images; the two segmentations are merged to build a
final binary vascular mask, which will be used for segmentation and
useful for thin vessels.

In [111], the authors used growing region and automatic pixel
classification. Each classifier is trained with feature vectors extracted
from images with real data, including vessel and no-vessel annotation.
For the growing region technique, the seeds that are given as the max-
imum response of applying the Frangi filter is located, and the largest
component is chosen according to the connection of the pixels that
belong to the vessels. The feature vector to perform pixel classification
is given by a Hessian matrix, which is the basis for the Frangi filter for
edge detection.
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Table 4
Performance measures, preprocessing and postprocessing techniques to retinal segmentation based on region growing segmentation methods.
Author Preprocessing Main algorithms Postprocessing Database Acc Sn Sp
Martins et al. [112] Median filter Maximal Entropic Gabor wavelet DRIVE - 0.73498 0.9831
Thresholding Method
Moghimirad et al. Noise reduction Multi-Scale vessel Skeletonization DRIVE 0.9659 0.7852 -
[88] medialness detection
Panda et al. [113] highboost filtering Hausdorff Symmetry Morphological DRIVE 0.9516 0.7380 0.9739
Operator and k-means operators STARE 0.9491 0.8045 0.9606
Zhao et al. [106] histogram Anisotropic diffusion Remove isolated DRIVE 0.9477 0.7354 0.9789
equalization and filter and Region vessel pixels by STARE 0.9509 0.7187 0.9767
Gabor wavelet growing logical operations
Lazar and Hajdu Gaussian Filter multiscale symmetric Morphological DRIVE 0.9458 0.7646 -
[110] matched filter operators STARE 0.9492 0.7248
response; two
directional response
vector maps (DRVMs),
the multi-scale
symmetric matched
filter (MSMF-DRVM)
and bottom-hat
(BH-DRVM); Region
growing
Yin et al. [114] CLAHE, Gabor and Several region Remove false vessels DRIVE 0.9506 0.8957 -
wavelet filter growing STARE 0.9315 0.8886
Zhang et al. [115] Gaussian filter Gabor filter, SIFT - DRIVE 0.9504 0.7812 0.9668
Panda et al. [107] highboost filtering Hausdorff distance, k-means clustering; DRIVE 0.9539 0.7328 0.9752
Canny edge operator SVM STARE 0.9424 0.8403 0.9504
GeethaRamani and Cropping, Color PCA, k-means Connected Component DRIVE 0.9536 0.7079 0.9778
Lakshmi [116] transformation, Gabor Analysis,
filtering, halfwave Mathematical
rectification Morphological
techniques
Khan et al. [117] Color transformation, PCA; ISO data Multi-Scale line filters DRIVE 0.9506 0.7696 0.9651
Homomorphic extraction algorithm STARE 0.9513 0.7521 0.9812
filtering
Shukla et al. [118] Color transformation Eigenvalue maps Remove noise by DRIVE 0.9476 0.7015 0.9836
difference eigenvalue STARE 0.9573 0.7023 0.9863
maps
Rodrigues et al. [111] Feature extraction, Classifier Frangi filter, Hessian DRIVE 0.9740 - -
Connectivity Features matrix STARE 0.9827
Lam and Yan [108] Gaussian filter Locating the Morphological STARE 0.9474 - -
Centerlines Using the operators

Normalized Gradient
Vector Field;
Detection of Blood
Vessel-Like Objects
Using Gradient Vector
Field

The region growing is a segmentation method that divides pixels
into regions according to how similar they are. The method begins with
a seed pixel or group of seed pixels, and subsequent pixels that satisfy a
similarity requirement determined by a threshold value are repeatedly
added to the area. Table 4 indicate that models based on Eigenvalue
maps, Hausdorff Symmetry Operator, k-means, and PCA obtained the
greatest average performance on measures of accuracy, sensitivity, and
specificity, when evaluated on the DRIVE and STARE databases. The
Gabor wavelet filter and the Gaussian filter, on the other hand, are the
most often utilized preprocessing techniques.

The main advantages of the region’s growing methods are their
flexibility in selecting grow criteria and seed points. This one requires
a few seeds to complete the segmentation.

However, its main disadvantages are its high computational com-
plexity and its sensitivity to noise since irregularities in the image can
generate gaps and excessive divisions.

6.4. Edge detection based methods

The edge detection methods are one of the widely used approaches
to image segmentation. Edge detection methods locate the changes of
intensity in the image. A boundary between two pixels with noticeably
varying brightness levels is referred to as an edge. These intensity
changes correspond to the limits of the objects in the image. The main
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disadvantages of edge detection techniques are that edge detection
methods produce additional borders when images contain a lot of
noise or borders, and these techniques cannot easily identify sharp
curves. A successful edge-based segmentation regularly has the follow-
ing steps: Detecting edges, eliminating irrelevant edges, and connecting
or grouping. The general procedure is as follows:

1. The image is first smoothed using a Gaussian low-pass filter. This
preliminary step is taken to reduce the image noise. Large values
of ¢ will suppress much of the noise at the expense of weakening
potentially relevant edges.

2. The local gradient (intensity and direction) is computed for each
point in the smoothed image.

G(x,y) = |Gy (x. )] + |Gy x| (69)
Gy(x.)
-1y
0 = tan —Gx(x,y) (70)

3. In a procedure known as no maximum suppression, the algo-
rithm only produces wide ridges, leaving just the pixels at the
top of each ridge.

4. The ridge pixels are then thresholded using two thresholds 7},,,
and Tj,,: ridge pixels with values greater than 7},,, are consid-
ered strong edge pixels; ridge pixels with values between T,,,,
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Table 5
Performance measures, preprocessing and postprocessing techniques to retinal segmentation based on Edge detection segmentation methods.
Reference Preprocessing Main algorithms Postprocessing Database Acc Sn Sp
Orujov et al. [120] Green channel Fuzzy edge detection Blood vessels DRIVE 0.939 0.957 0.838
extraction,Contrast exclusion STARE 0.8650 0.8342 0.8806
enhancement, CHASEDB1 0.9500 0.8800 0.968
Background Exclusion
Khan et al. [117] PCA color conversion, Iso-data Binarization, - DRIVE 0.940 0.7696 0.9651
Background Homomorphic STARE 0.9513 0.7521 0.9812
Homogenization filtering, Triple-Stick
filtering
Tchinda et al. [123] Green channel morphological - DRIVE 0.9480 0.7352 0.9775
extraction, Median transformation, Edge STARE 0.9548 0.7265 0.9759
filter detection filters, CHASEDB1 0.9452 0.7279 0.9658
Multi-Layer
Perceptron Strong
Contrast remove
method
Yang et al. [122] Histogram Frangi filtering Local - DRIVE 0.9532 0.7349 0.9743
equalization Chan-Vese and Local STARE 0.9476 0.7574 0.9624
Binary Fitting models
Sigurdsson et al. CLAHE, Noise Local minimum and - DRIVE 0.9455 - -
[124] reduction Edge Detection, Path

openings

and T}, are said to be weak pixels. This process is known as
hysteresis thresholding.

Edge-based segmentation has several drawbacks, but its main draw-
backs are that it performs poorly for images with poorly defined or
numerous edges and is more sensitive to noise than other techniques.

Chang et al. [119] described a segmenting retinal blood vessels
technique. This method avoids classifying non-vessel pixels as vessel
pixels that are very near to the blood vessels. This technique is called
Retinal Blood Vessel Segmentation, based on Line and Edge detector.
The proposed system works on an inverted green channel image.

In [120] was proposed a contour detection algorithm based on
Mamdani (Type-2) fuzzy rules. The method uses the green channel data
from eye fundus images as input, CLAHE for contrast enhancement,
and a median filter for background exclusion. The Mamdani fuzzy rules
applied to image gradient values are used for edge detection.

Toptas and Hanbay [121] proposed a pixel-based feature extraction.
The system uses edge detection, morphological, statistical, gradient,
and Hessian matrix for feature extraction.

In [122] was proposed a Frangi filter-based multi-scale level sets to
segment retinal vessels from fundus images. The proposed approach can
deal with the variety of thicknesses in retinal vessels. The author em-
ployed histogram equalization to improve the appearance of the retinal
images and the outcomes of Frangi filtering and final segmentation. The
authors equalize histograms using the CLAHE and Retinex algorithms.

An approach based on edge detection filters and artificial neural
networks was proposed in [123]. The features vector is first extracted
using edge detection filters. After that, an artificial neural network
is trained using the obtained features to determine whether or not
each pixel is part of a blood structure. The framework created a
features vector to train a cascade feed-forward neural network using
edge detection filters like Canny, Sobel, Robert, Prewitt, Laplacian of
Gaussian, and morphological filters. According to the researchers, the
framework is reliable under a range of luminosity circumstances and
vessel widths.

In [124], the feature extraction was performed using advanced
morphological directional filter called path openings. The resulting
features are used for a data fusion task based on fuzzy set theory. The
proposed technique assumes that the vessels are connected linear struc-
tures. The method is completely unsupervised and does not need any
specific training. According to the authors, the proposed method can
isolate major vessels and the majority of smaller vessels with similar or
higher accuracy than many other vessel segmentation methods without
requiring a significant investment in computer power.

Edge detection methods are used to locate the borders or transitions
between several sections or objects in an image. These transitions,
which are known as edges, often reflect changes in pixel or intensity
values. Edges serve as a representation of an object or structure’s
boundaries in an image. In summary and as stated in Table 5, models
based on Local Chan-Vese (LCV), Local Binary Fitting (LBF), and Multi-
Layer Perceptron algorithms showed the best average performance on
metrics of accuracy, sensitivity, and specificity. Additionally, Gaussian
Filtering and Histogram Equalization are among the most often used
preprocessing techniques.

Segmentation methods based on Edge detection are sensitive to
image noise and obtain errors in curves, corners, or grayscale inten-
sity variations. Furthermore, these can become computationally very
complex.

6.5. Clustering-based methods

Clustering-based methods are one of the most used algorithms in
image segmentation. The clustering approaches are used in many dif-
ferent domains of application due to their simplicity and efficacy [125].
The principal disadvantages are that some clustering-based methods
require a priori information, particularly the number of clusters, and
the algorithms are susceptible to noise and outliers. Fuzzy c-means
(FCM) and k-means algorithms are two of image segmentation’s most
widely used clustering algorithms.

The K-means algorithm is defined in Algorithm 3 [126]:

Algorithm 3 k-means algorithm

Input: Image I, Number of clusters k
Output: Segmented image
1: Initialize cluster centers arbitrarily.
2: For each seed block n=1,..., N, find k given by

k =argmin D(A,, A,)
s

where s takes values from the set 1,2, ..., k.
3: Define S, as the set of seed blocks whose affine parameter vector
Znesk Ap
Znesk
4: Repeat steps 3 and 4 until the class means A, do not change by
more than a predefined amount between successive iterations.

is closest to A;. Then, update the class means A, =

Fuzzy c-means algorithm [127] is an important algorithm for image
segmentation. A pixel can be a member of multiple clusters in this
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iterative clustering technique, and each pixel has a unique set of mem-
bership levels assigned to it. The FCM algorithm’s process is described
in Algorithm 4.

Algorithm 4 fuzzy c-means algorithm

Input: Image I, exponential weight, Number of clusters k

Output: Segmented image
1: Select a number of clusters 2 < k < n and exponential weight m > 1
2: Choose an initial partition matrix and a termination criterion ¢
3: Compute the fuzzy cluster centers vﬁ,i =1,2,...,k

n

(u~)mx~,i=l,...,k
27=1(“ij)mj§f o

4: Compute the new partition matrix U'*! by using v!,i =1,2,...,k

_ 1

v; =

5: Compute 4 = max; ‘ujjl +1) - “5,’" If A>e¢, then!/=1+1 and go to
step 3.
6: If A <e¢, then stop

Several algorithms for retinal vessel segmentation based on clus-
tering have been proposed. In [128], the authors proposed a novel
algorithm based on K-means segmentation. The approach improves the
segmentation’s ability to distinguish between blood arteries and other
tissue by lessening the unfavorable effects of light lesions. After remov-
ing the bright lesions, the framework uses the multi-scale line detection
method. It reduces the possibility of erroneous vessel detection in these
areas.

In [129], Mondal et al. used a generalized improved Fuzzy Kohonen
Clustering Network (GIFKCN) to segment into vessel and non-vessel
clusters. Before using the clustering algorithm, the algorithm uses
preprocessing techniques such as CLAHE, Gaussian low pass filter, and
morphological operations. All the preprocessing techniques are applied
in the green channel.

In [116], the authors used k-means to cluster two groups, namely
‘vessel’ and ’'non-vessel.” In their experiments, the authors use Man-
hattan’s distance to group clusters. The algorithm uses several image
preprocessing techniques in some space colors.

In [130], the authors utilized supervised and unsupervised machine
learning techniques. The framework uses FCM clustering to extract the
thick and clear vessels. The authors use one channel of each space color
(G from RGB, L from L*a*b, and Y from YCbCr). It allows to improve
the clarity and discriminability of the blood vessels.

In [131] was proposed a novel algorithm to tackle the problem of
thin vessel segmentation. The authors use multilevel segmentation and
artificial bee colony optimization with fuzzy C-means.

The authors of [132] suggested a matched filtering technique for use
with a curvelet transform and kernel-based fuzzy c-means integrated
system design platform. The research employs curvelet transform to
improve the retinal vasculature. Matched filtering is used to intensify
the blood vessels, and the Kernel-based fuzzy c-means technique is
utilized to extract the vessel silhouette from the background using
non-linear mapping. The system can extract small and thin vessels.

In [133], k-means clustering was employed to classify into vessel
and background. Further iterative refinement steps based on morpho-
logical operations are applied to refine the segmented image. This
method relies on automatic k-means and morphological operator pa-
rameter selection. Thus, the algorithm can adapt to different pixel
intensity distributions in the image.

In [134], the authors proposed a system based on fuzzy c-means
clustering and level sets. The authors equalize the image by contrast-
limited adaptive histogram equalization and reduce the noise using
mathematical morphology. Matched filtering with Gabor filtering and
Frangi filters enhance the blood vessel network before clustering.

Mardani and Maghooli [135] use the density-based spatial cluster-
ing of applications with noise (DBSCAN). The authors use morpholog-
ical operators and logical AND operators to remove noise. The poor
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contrast and illumination issue, which makes it difficult to segment thin
vessels, is a challenge the suggested framework can address.

Clustering-based methods are a group of image segmentation algo-
rithms that classify pixels or areas in an image into clusters based on
how similar they are. Contrary to the conventional edge- or region-
based segmentation methods, clustering-based methods employ unsu-
pervised learning algorithms to recognize homogeneous groupings of
pixels rather than explicit edge or region information. As observed
in Table 6, K-means and fuzzy c-means (FCM) were the two key
techniques that produced the best results. The most often used pre-
processing technique is CLAHE, whereas authors reported employing
a variety of postprocessing techniques.

Clustering-based methods are usually straightforward to implement.
Furthermore, they can be used on huge sets. However, its main disad-
vantage lies in the optimal calculation of the number of clusters.

6.6. Methods based on deep learning

Neural networks and deep learning provide the best solutions to
many problems in many fields [136-143]. Artificial neural networks
are popular machine learning techniques that simulate the mechanism
of learning in biological organisms [144-146].

Deep learning represents a keystone of machine learning. It has led
to remarkable achievements in problems related to image classification,
image segmentation, natural-language processing, autonomous driving,
among others .

In recent years, deep learning techniques have been successfully
applied to retinal blood vessel segmentation problems because they
automatically discover increasingly higher-level features from digital
images, Some reviews are presented in [147-149].

This section aims to review the techniques of deep learning state-
of-the-art retinal blood vessel segmentation. To do this, we categorize
various approaches for retinal vessel segmentation based on their net-
work architecture: Convolutional Neural Network, Fully Convolutional
Network, U-Net, and Generative Adversarial Network.

6.6.1. Convolutional neural network

A Convolutional Neural Network (CNN) is a type of deep learning
technique used extensively as a powerful class of classification models
of digital images in several applications, such as plant species identifi-
cation, plant disease identification, and retinal vessel detection, among
others. A CNN has two main parts: feature learning and classifier.
Feature learning extracts visual features from digital images. Then,
these features are used by a classifier to determine if an object in the
digital images belongs to a specific class.

A CNN is composed of building blocks, such as convolution layers,
pooling layers, and fully connected layers. These layers are like feature
extractors, dimensionality reduction and classification layers, respec-
tively. These layers of a CNN are stacked to form a full convolutional
layer. A general scheme of a CNN is exemplified by Fig. 3.

Retinal blood vessel segmentation influences a lot of blood vessel-
related disorders such as diabetic retinopathy, hypertension, cardio-
vascular and cerebrovascular disorders, among others [150]. In the
literature, it is found that vessel segmentation using a CNN showed
increased accuracy in feature extraction and vessel segmentation com-
pared to the classical segmentation algorithms. CNN does not need
any handcrafted features to train the network classifier. Different ap-
proaches that use CNN for retinal blood vessel segmentation have been
proposed in the literature, see a performance analysis of the state-of-
the-art methods of retinal blood vessels segmentation based on CNNs
in Table 7, some of them are described as follows.

In 2016, Maji et al. [152] introduced an ensemble CNN method
for processing the fundus color image to get retinal blood vessels.
The authors used an ensemble CNN method to reduce overfitting and
for validating the method, they used DRIVE database. The method
obtained an accuracy of 0.94 and an AUC of 0.92.
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Table 6
Performance measures, preprocessing and postprocessing techniques to retinal segmentation based on Clustering segmentation methods.
Reference Preprocessing Main algorithms Postprocessing Database Acc Sn Sp
Saffarzadeh et al. Perceptive transform, Multi-scale Line - STARE 0.9438 - -
[128] Greyscale transform operator, K-means DRIVE 0.9387
clustering, bright
reduction
Hashemzadeh Image cropping, Color Gabor features, FCM FOV Mask STARE 0.9691 0.8087 0.9892
et al. [130] space transformation clustering DRIVE 0.9531 0.7830 0.9800
Color channel
selection
Memari et al. [134] Green channel FCM clustering, Gabor morphological STARE 0.9510 0.7820 0.9650
extraction, CLAHE, and Frangi filters operations, Level set DRIVE 0.9610 0.7610 0.9810
Color space transform refinement
Mardani et al. [135] Partitioning to cells DBSCAN, Medfilter, Filter to softens STARE 0.9524 0.7969 0.9664
morphological vessels borders DRIVE 0.9519 0.7667 0.9692
operators
Mondal et al. [129] (CLAHE) Adaptative Fuzzy Kohonen - DRIVE 0.979 0.989 -
equalization, Gaussian Clustering,
filter, Contrast Morphological
Enhancement operator
GeethaRamani Image cropping, Color PCA, K-means Morphology operators DRIVE 0.9536 0.7079 0.9778
et al. [116] space Transformation, clustering, Gabor
Contrast Enhancement filtering
Hassanien et al. [131] Brightness correction FCM Clustering Rank order filtering, DRIVE 0.9388 0.7210 0.9710
Morphological
operators
Kar et al. [132] Green channel, Image Kernel FCM Connected component DRIVE 0.9616 0.7548 0.9792
denoising, CLAHE clustering, Edge analysis,
enhanced image, LOG Morphological
kernel operators
Sun et al. [133] k-means clustering, DRIVE 0.9371 - -
morphological
thinning algorithm
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Fig. 3. General scheme of a CNN.

Liskowski and Krawiec [153] proposed a CNN for analyzing retinal
blood vessels. The authors employed normalization and ZCA whitening
to pre-process the retinal images before the CNN segmentation, they
also implemented classifiers based on Naive Bayesian and Nearest-
Neighbor to classify the retinal image features. The authors used stan-
dard benchmarks of fundus imaging, the DRIVE, STARE, and
CHASE_DB1 databases. In their experimental results, the authors re-
ported an ROC curve measure up to 0.99 and accuracy up to 0.97.

Maninis et al. [154] presented a unified framework of retinal image
analysis that provides both retinal vessel and optic disc segmentation.
The framework is based on CNN called Deep Retinal Image Understand-
ing (DRIU). DRIU uses a base network architecture on which two sets of
specialized layers are trained to solve both the retinal vessel and optic
disc segmentation. The authors used DRIVE and STARE databases.
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Fu et al. [155] formulated a retinal vessel segmentation method
for a boundary detection problem, and utilized a CNN architecture to
learn the discriminative features that better characterize the important
hidden patterns related to vessels and backgrounds in the fundus
images. A high-quality vessel probability map is produced to obtain
a binary segmentation result by using fully connected Conditional
Random Fields segmentation. The authors reported an accuracy of 0.94
and sensitivity of 0.72 on DRIVE database and an accuracy of 0.95 and
sensitivity of 0.71 on STARE database.

Wu et al. [156] presented a generic approach for vascular structure
identification from medical images based on CNN. The authors trained
a CNN model for estimating local vessel probability via PCA and nearest
neighbor search, and the resulting map is further utilized within a
probabilistic tracking framework to extract the entire connected tree.
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initiative

Table 7
Overview of approaches using CNNs for retinal image segmentation.
Reference Preprocessing Database Acc Sn Sp
Wang et al. [151] Green channel extraction, Histogram equalization, Gaussian DRIVE 0.9767 0.8173 0.9733
filtering STARE 0.9813 0.8104 0.9791
Maji et al. [152] - DRIVE 0.9470 - -
Liskowski and Krawiec Extraction of patches, Global Contrast Normalization, DRIVE 0.9495 0.7763 0.9768
[153] Zero-Phase Component Analysis, Data augmentation (scaling, STARE 0.9566 0.7867 0.9754
rotation, flipping), Gamma correction
Maninis et al. [154] Data augmentation (scaling, rotation) and subtract the mean DRIVE 0.8121 0.9017 0.6745
value of the training images for each color channel
Fu et al. [155] - DRIVE 0.9470 - 0.7294 -
STARE 0.7140
Wu et al. [156] Extraction of patches DRIVE 0.9701 - -
Khalaf et al. [157] Green channel extraction, Adaptive histogram equalization DRIVE 0.9456 0.8397 0.9562
Yao et al. [158] Green component analysis, Extraction of patches DRIVE 0.9360 0.7731 0.9603
Fu et al. [159] Extraction of patches DRIVE 0.9523 0.7603 -
STARE 0.9585 0.7412
CHASEDB1 0.9489 0.7130
Tan et al. [160] Green channel extraction, Normalized greyscale image, DRIVE - 0.7537 0.9694
Convert RGB to LUV color space
Tetteh et al. [161] - DRIVE - 0.8988 -
STARE 0.8389
Feng et al. [162] Extraction of patches, Grayscale transform, Normalization DRIVE 0.9560 0.7811 0.9839
images, Median filter, Adaptive histogram equalization
Soomro et al. [163] Morphological operations, Grayscale transform, PCA. DRIVE 0.948 0.746 0.917
STARE 0.947 0.748 0.922
Ngo and Han [164] Max-resizing technique DRIVE 0.9533 0.7464 0.9836
Guo et al. [165] Extraction of patches DRIVE 0.9199 - -
STARE 0.9220
Jiang et al. [166] - DRIVE 0.9709 0.7839 0.9890
STARE 0.9781 0.8249 0.9904
CHASEDB1 0.9721 0.7839 0.9894
Samuel et al. [150] Contrast Limited Adaptive Histogram Equalization, Gamma DRIVE 0.9609 0.8282 0.9738
correction STARE HRF 0.9646 — 0.8979 0.9701
0.8655
Yang et al. [167] Data augmentation, CLAHE algorithm DRIVE 0.951 0.797 0.973
Hua et al. [168] Patches augmentation DRIVE 0.9511 0.7932 0.9741
Noh et al. [169] Zero-score normalization, data augmentation (rotation, DRIVE 0.9569 0.9746 0.8354
random brightness modification, contrast modification, STARE 0.9764 0.9864 0.8537
random color enhancement) CHASEDB1 0.9778 0.9871 0.8523
Yu et al. [170] Extraction of patches, zero-phase component analysis, global DRIVE 0.9524 07643 0.9803
contrast normalization STARE 0.9613 0.7837 0.9822
Uysal and Guraksin Grayscale transform, CLAHE, Gamma correction DRIVE 0.9419 .07548 0.9682
[171] STARE 0.9471 0.7377 0.9735
Xu et al. [172] Grayscale transform, Gaussian filter, local histogram DRIVE 0.9590 0.8320 0.9885
equalization, Gamma correction STARE 0.9688 0.8295 0.9785
Chala et al. [173] Data augmentation (rotation, flip or mirroring), Green DRIVE 0.9645 0.7982 0.9840
channel representation STARE 0.9707 0.7858 0.9884
Xia et al. [174] Gray level transformation, Z-score Normalization, CLAHE, DRIVE 0.9621 0.8090 0.9804
Extraction of patches STARE 0.9715 0.8384 0.9832
CHASEDB1 0.9702 0.7849 0.9872
Xu and Fan [175] 2D Gabor filter, CLAHE DRIVE 0.9630 0.8745 0.9823
CHASEDB1 0.9604 0.8916 0.9794
Vengalil et al. [176] Extraction of patches, No preprocessing HRF 0.9394 - -
Mahapatra et al. [177] Saliency algorithm, Gray level transformation DR screening 0.979 0.982 0.978

The authors validated their approach on DRIVE database achieving an
AUC of 0.97.

Khalaf et al. [157] proposed a seven layers CNN to capture differ-
ent patterns of retinal vessels as well as enhance the localization of
segmentation vessels. To enhance the vessels before the segmentation,
adaptive histogram equalization followed by top hat filtering is applied
to the green channel of every image. The authors reported accuracy of
0.9456 on DRIVE database.

Yao et al. [158] proposed a method based on CNN to extract blood
vessels from fundus images. The proposed method separates each pixel
in the retinal fundus image into foreground and background. The
foreground represents blood vessels. Segmentation of retinal fundus
image is refined by a two stages binarization and a morphological
operation. The method was tested on DRIVE database obtaining 0.96
of specificity, 0.77 of sensitivity, and 0.93 of accuracy.

Vengalil et al. [176] presented a blood vessel segmentation method
based on CNN. The CNN consists of 8 convolutional layers and 3
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pooling layers in between. The authors used a pre-trained model,
DEEPLAB-COCO-LARGEFOV, from COCO. The model was fine-tuned
using training images consisting of image patches of size 512 x 512
extracted from high-resolution fundal images along with corresponding
ground truth. The method obtained an accuracy of 0.93 and a ROC
curve of 0.894 on HRF database.

Fu et al. [159] solved the retinal vessel segmentation problem using
a CNN architecture called DeepVessel. The proposed CNN architecture
consists of 3 main layers. The first is a convolutional layer used to learn
a multi-scale discriminative representation. The second is a side-output
layer that operates with the early layers to generate a companion local
output. The last one is a CRF layer, which is employed to further take
into account the non-local pixel correlations. The author used three
public databases: DRIVE, STARE, and CHASE _DB1. In all databases, the
method obtained more than 0.94 of accuracy and 0.71 of sensitivity.

Mahapatra et al. [177] proposed a method for retinal image quality
assessment (IQA) that uses computational algorithms imitating the
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working of the human visual system. The authors used a local saliency
map that calculates saliency values for every image pixel across dif-
ferent scales, and captures local and global image information that is
relevant for IQA; they also used CNN to extract additional information
thus avoiding hand-crafted features. Finally, they combined supervised
(trained CNN) and unsupervised (local saliency maps) models using
Random forest (RF) classifiers. The authors used a database acquired
from a diabetic retinopathy screening initiative.

In 2017, Tan et al. [160] presented a method based on CNN con-
stituted by 7 layers and the output layer consists of 4 neurons, repre-
senting background, optic disc, fovea and blood vessels. The proposed
method not only detects the retinal blood vessels but also the optic disc
and fovea of the retinal image. On average, the segmentation correctly
classified 0.92 of the ground truths (on the testing set from DRIVE
database). The highest accuracy achieved on a single image was 0.94
and the lowest was 0.88.

Tetteh et al. [161] proposed a feature extraction scheme based
on inception CNN models for pixel classification tasks. The authors
extracted features under multi-scale and multi-layer schemes through
convolutional operators. The model was tested using DRIVE and STARE
databases obtaining precisions of 0.80 and 0.81, respectively.

Feng et al. [162] presented a patch-based fully CNN with skip
connections for blood vessel segmentation. The proposed CNN learns
hierarchical features and context information from raw pixel data
without any prior domain knowledge. The proposed method obtained
an accuracy of 0.95 on DRIVE database.

Soomro et al. [163] developed a CNN model for retinal vessel
segmentation to address the issue of low sensitivity. The authors used
a pre-processing step on data based on morphological tactics and the
color-to-grey conversion-based PCA tactics. Then, they trained a CNN
model on the preprocessed data to get an initial good vessel image. The
model was tested on DRIVE and STARE databases with a sensitivity of
0.75.

Ngo and Han [164] proposed a novel max-resizing technique to
improve the generalization of the training procedure for predicting
blood vessels from retinal fundus images. To do this, the authors
developed a multi-level CNN model applied for automatic blood vessel
segmentation. The proposed network has two input branches with
different resolution input images and the max-resizing technique is used
for reducing the resolution of the input image in the second branch of
the network which increases generalization of the training course. The
technique obtained an accuracy of 0.95 on DRIVE database.

Guo et al. [165] proposed a retinal vessel detection approach. To
do this, the authors formulated the detection task as a classification
problem and solve it using a CNN as a two-class classifier. The CNN
architecture has 2 convolution layers, 2 pooling layers, 1 dropout layer,
and 1 loss layer. The main parts of this approach are: a new model
of CNN to extract features and classify the retinal vessel region and
a novel reinforcement sample learning scheme that was used to train
the CNN with fewer iterations of epochs and less training time. The
proposed method obtained an accuracy of 0.91 on DRIVE database and
an accuracy of 0.92 on STARE database.

Hu et al. [178] proposed a novel retinal vessel segmentation method
by combining multiscale CNN with an improved loss function and
CRFs to detect more details and hard examples. The authors divided
the segmentation process into two steps. Firstly, a multiscale CNN
architecture with an improved cross-entropy loss function is proposed
to produce the probability map from image to image. Secondly, CRFs
are applied to get the final binary segmentation result which makes
use of more spatial context information among all of the pixels in
the fundus images. The authors reported accuracy of 0.95 on DRIVE
database and an accuracy of 0.96 on STARE database.

Yu et al. [170] presented a framework for hierarchical division of
retinal vascular networks. Specifically, in the first stage, a supervised
segmentation technique based on CNN is used for blood vessel segmen-
tation. The authors also presented 2 algorithms: the potential landmark
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detection algorithm (PLDA) to identify the bifurcations and crossings;
and the adaptive hierarchical classification algorithm (AHCA) that is
used in the hierarchical characteristics classification of vascular bifur-
cations. The proposed framework achieved an accurate rate of 0.9899
and a sensitivity rate of 0.9217 on STARE database.

Uysal and Guraksin [171] proposed a hybrid method based on
CNN architectures and image processing techniques for segmentation
of blood vessels in retinal images. The authors use four-step image
processing techniques to significantly extract blood vessels from the
background and to standardize retinal images for the training of the
CNN model. The authors reported accuracies of 0.9419 and 0.9471 on
DRIVE and STARE databases, respectively.

Chala et al. [173] proposed an end-to-end method for automatic fea-
tures learning from CNN model based on multi-encoder—decoder archi-
tecture and building feature maps to get the output as the segmentation
of retinal blood vessels. The proposed model-based CNN consists of 4
main components: 2 encoder units (RGB and green encoder), a decoder,
and a module for progressive dimension reduction to obtain the retinal
vessel segmentation. The authors tested their method by combining
DRIVE and STARE databases. The values obtained for the different
metrics F1 score, accuracy, sensitivity, specificity, and precision were
0.8321, 0.9716, 0.8214, 0.9860, and 0.8466 respectively.

Xu et al. [172] presented a novel retinal vessel segmentation method
based on a residual convolution neural network. The proposed method
involves three major components: the residual learning is introduced
in the network structure; the atrous spatial pyramid pooling is built to
learn the feature information of different receptive fields; the residual
attention module and deep supervision module are applied to improve
the accuracy of identifying the capillaries. The method was tested
on DRIVE and STARE databases obtaining accuracies of 0.9590 and
0.9688, respectively.

Alvarado-Carrillo and Dalmau-Cedefio [179] proposed a novel
Width Attention-based Convolutional Neural Network, called WA-Net.
The WA-Net works as follows, a fundus image is decomposed into
multiple channels by a layer of Distorted Second-Order Differential
Gaussian Matched Filters (DSD-GMF). Subsequently, the channel rele-
vance is weighted through the Width Attention Module (WAM). Finally,
to specialize the feature maps with a concrete vessel-width category,
either thin-vessel or thick-vessel related, the weighted channels are
divided into two groups by the Two-Stream Block, composed of three-
level UNet streams. The authors reported accuracies of 0.9575, 0.9665,
and 0.9653 on DRIVE, STARE, and CHASE _DB1 databases, respectively.

Xia et al. [174] proposed a hierarchical recurrent convolution neu-
ral network called HRNet. HRNet integrates SE-residual block in multi-
scale layers that capture the important channel-wise information and
remove the redundant feature in deep network. Moreover, the authors
designed a hierarchical recurrent(feedback) mechanism to explore fea-
tures from different upper to lower layers by adding the output of each
layer to its corresponding encoding layer iteratively.

Xu and Fan [175] developed a retinal vessel segmentation method
based on a dual-channel asymmetric CNN. The proposed method is
based on the preprocessing of orientation and scale features of retinal
images. An asymmetrical CNN, MainSegment-Net, and FineSegment-
Net, are constructed in the proposed method according to the charac-
teristics of thick and thin vessels. The segmentation results of the two
channels are fused to achieve complementarity of detailed information.
The method obtained an accuracy of 0.9677 on DRIVE database.

Despite the great success of CNNs in finding strong spatially local
correlations on databases of retinal blood images at different abstrac-
tion levels, one of the main problems of using typical CNN for seg-
menting vessels is the need to divide a given image into a very large
number of small patches and classify each of them, causing a high
computational cost [180]. On the other hand, a fully-connected layers
force all the input images to have the same size.

The main advantages of CNNs are that they can be implemented
in a wide range of applications, they also have an excellent capacity
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Fig. 4. A FCN scheme for retinal vessel segmentation.

for generalization, and an enormous ability to learn patterns almost
without human interference. However, their main disadvantage lies
in the need for a large number of images during the training phase,
in addition to computational requirements such as a large amount of
memory, CPU, and graphics card, in addition to the enormous training
time in some cases.

6.6.2. Fully convolutional network approaches

To address the limitations of CNN architectures, one of the leading
deep learning techniques for image segmentation and dense prediction
is the Fully Convolutional Network (FCN) proposed by Long et al. [181]
in 2014. The FCN architecture consists of convolutional layers without
using fully-connected layers. This allows the segmentation image to
be generated from any input image with an arbitrary size (making
this design much more adaptable to different imaging conditions).
Moreover, an FCN uses ground truth as supervision information to train
the network for pixel-level prediction, thereby further extending image-
level classification to pixel-level classification. An FCN scheme for
retina vessel segmentation is illustrated in Fig. 4. Many approaches that
use FCN have been proposed to address retinal vessel segmentation, see
Table 8.

Luo et al. [182] presented a novel Size-Invariant Fully Convolu-
tional Neural Network (SIFCN) to extract retinal blood vessels from
retinal images. The authors introduced a patch-wise retinal image
segmentation approach that considers more context information during
segmentation. The network results in an average accuracy of 0.9471
and an average AUC of 0.968 on DRIVE database.

Dasgupta and Singh [183] presented a fully convolutional neural
network architecture for blood vessel segmentation. The authors for-
mulated the vessel segmentation problem as a multi-label inference
problem which is learned by joint loss function. The main contribution
of this work was to combine the advantage of a fully convolutional
neural network and a structured prediction approach for retinal blood
vessel segmentation in fundus images. The proposed network was
tested on DRIVE database obtaining an accuracy of 0.95.

Jiang et al. [184] developed a supervised method to segment retinal
blood vessels from the retinal color images using a pre-trained CNN
model. The proposed method has innovatively simplified and shifted
a typical retinal vessel segmentation problem into regional semantic
vessel element segmentation tasks, in this way the training data has
been ideally augmented. The method was tested on DRIVE, STARE,
CHASE_DBI1, and HRF databases.

Oliveira et al. [185] proposed a method that combines Stationary
Wavelet Transform for multiscale analysis and a multiscale Fully Con-
volutional Neural Network to cope with the varying width and direction
of the vessel structure in the retina. Furthermore, the authors used data
augmentation (rotations). The authors reported an average accuracy
of 0.9576, 0.9694, and 0.9653 on DRIVE, STARE, and CHASE DB1
databases, respectively.
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Lyu et al. [187] proposed a novel retinal vessel segmentation
method using Separable Spatial and Channel Flow and Densely Ad-
jacent Vessel Prediction to capture maximum spatial correlations be-
tween vessels. The authors used geometric transformations and over-
lapped patches in the training and prediction phases. The authors
reported areas under the ROC curve of 0.9826 and 0.9865 and the
average accuracies of 0.9579 and 0.9664 on DRIVE and CHASE DB1
databases, respectively.

Aragjo et al. [180] developed an FCN to segment an unseen image
at a single step, even if it is trained in a patch-wise fashion. The authors
reported accuracies of 0.956, 0.965, and 0.965 on DRIVE, STARE, and
CHASE_DB1 databases, respectively.

Khan et al. [190] presented an encoder-decoder based FCN ar-
chitecture for vessel segmentation called VessSeg. VessSeg consists of
13 convolutional layers similar to the VGG16 network and a corre-
sponding decoder network. The output of the final decoder in the
decoder network is fed to a two-class softmax classifier for pixel-wise
classification. The output of the softmax classifier is pixel probabilities
which categorize pixels either belonging to the vessel or the non-vessel
class. The detection accuracy was significantly improved with scores
of 0.9620, 0.9623, and 0.9620 on DRIVE, STARE, and CHASE DB1
databases, respectively.

Park et al. [194] developed a conditional generative adversarial net-
work called M-GAN for retinal vessel segmentation by balancing losses
through stacked deep FCN. This approach consists of a newly designed
M-generator with deep residual blocks for more robust segmentation
and an M-discriminator with a deeper network for more efficient train-
ing of the adversarial model. The authors reported accuracies of 0.9706,
0.9876, 0.9763, and 0.9761 on DRIVE, STARE, CHASE DB1, and HRF
databases, respectively.

Sathananthavathi et al. [188] developed a parallel fully convolved
neural network-based architecture for retinal blood vessel segmenta-
tion. The ideas of this work are that thin vessel detection is incorpo-
rated with the help of parallel fully convolutional architecture. The
illumination and contrast non-uniformity effect can be reduced with
the help of preprocessing processes. The authors reported accuracy of
0.9637, a sensitivity of 0.8653, and a specificity of 0.9818 on DRIVE
and STARE databases.

Khan et al. [191] proposed a reduced FCN (in terms of the num-
ber of parameters) called RC-Net to vessels segmentation. RC-Net has
6 convolutional blocks, where the first block of these is the input
one, followed by two down-sampling convolutional blocks. There is
an intermediate convolutional block that bridges between the down
and upsampling blocks. There are 2 up-sampling convolutional blocks
followed by the final convolutional output block which is equipped
with the essential final layers responsible for creating the pixel-wise
segmentation map. RC-Net was tested on DRIVE and STARE databases
obtaining accuracies of 0.9694 and 0.9761, respectively.

Atli and Gedik [192] proposed an FCN for retinal blood vessel
segmentation called Sine-Net. Sine-Net model first up-samples before
down-sampling to capture thin and thick blood vessel features. Fur-
thermore, the method includes residuals to carry more contextual
information to the deeper levels of the architecture. The authors com-
bined DRIVE, STARE, and CHASE_DBI1 databases, called cross-database
training. The proposed Sine-Net model obtained an accuracy of 0.9686.

Samuel and Veeramalai [193] presented a novel CNN model for
extracting retinal blood vessels from both the coronary angiogram and
the retinal fundus images using a single VSSC Net after performing the
image-specific preprocessing. The VSSC Net is composed of the base
VGG-16 and two-vessel extraction layers. Each of the vessel extrac-
tion layers uses VSC blocks, SC layers, and feature map summation
with added supervision. The model was tested on DRIVE, STARE,
CHASE_DBI1, and HRF databases.



J. Cervantes et al.

Neurocomputing 556 (2023) 126626

Table 8
Overview of approaches using FCNs for retinal image segmentation.
Reference Preprocessing Database Acc Sn Sp
Luo et al. [182] Green channel analysis, Extraction of patches DRIVE 0.9536 0.7508 -
Dasgupta and Singh Green channel extraction, CLAHE, Gamma correction DRIVE 0.9533 0.7691 0.9801
[183]
Jiang et al. [184] Otsu’s threshold, Gaussian filter, Data augmentation DRIVE 0.9624 0.7540 0.9825
(flipping, rotation, scaling, and cropping) STARE 0.9734 0.8352 0.9846
CHASEDB1 0.9668 0.8640 0.9745
HRF 0.9650 0.8010 0.8010
Oliveira et al. [185] Stationary Wavelet Transform, Extraction of patches DRIVE 0.9576 0.8039 0.9804
STARE 0.9694 0.8315 0.9858
CHASEDB1 0.9653 0.7779 0.9864
Jiang et al. [186] Grayscale transform, CLAHE, Gamma correction DRIVE 0.9706 0.8325 0.9838
STARE 0.9777 0.8522 0.9880
CHASEDB1 0.9773 0.8453 0.9862
Lyu et al. [187] Green and Red channel analysis, Data augmentation DRIVE 0.9579 0.7940 0.9820
(rotation), Extraction of patches CHASEDB1 0.9640 0.7878 0.9865
Aratjo et al. [180] Extraction of patches, no preprocessing DRIVE 0.9560 0.8030 0.9790
STARE 0.9650 0.8290 0.9800
CHASEDB1 0.9650 0.8210 0.9810
Sathananthavathi et al. Green channel analysis, CLAHE, Opening operation, Gaussian DRIVE 0.9637 0.8653 0.9725
[188] filters
Soomro et al. [189] Morphological tactics, PCA, Gray level transformation, DRIVE 0.9560 0.8700 0.9850
STARE 0.9680 0.8480 0.9860
CHASEDB1 0.9760 0.8860 0.9820
HRF 0.9620 0.8290 0.9620
Khan et al. [190] - DRIVE 0.9620 0.8255 0.9760
STARE 0.9623 0.8318 0.9758
CHASEDB1 0.9620 0.8291 0.9730
Khan et al. [191] - DRIVE 0.9694 0.8319 0.9826
STARE 0.9761 0.8427 0.9870
Atli and Gedik [192] Operations for the noisy images DRIVE 0.9689 0.7987 0.9854
STARE 0.9682 0.6574 0.9933
CHASEDB1 0.9676 0.7876 0.9892
Samuel and Veeramalai Green channel analysis, CLAHE, Gaussian filter DRIVE 0.9627 0.7827 0.9821
[193] STARE 0.9737 0.8738 0.9812

6.6.3. U-net architecture for retinal vessel segmentation

Recently, one of the most popular deep learning architectures for
the segmentation of biomedical images is U-Net [195]. The U-Net
architecture consists of an encoder that extracts spatial features from
an image and a decoder that uses the encoded features to construct a
segmentation feature map, the U-Net architecture is shown in Fig. 5. In
particular, U-Net architecture combines traditional convolutional layers
with upsampling to learn both local and global features. Therefore, U-
Net and its extensions have achieved great state-of-the-art results, see
Table 9.

Yang et al. [220] proposed a hybrid method to improve the vessel
segmentation precision of fundus images. The method performs feature
extraction simultaneously for both thick and thin vessels to enhance
the correlation between these two vessels under different segmentation
networks. An improved U-net network is proposed to act as the basic
network of the multitask segmentation network, and an effective loss
function is designed to adapt to two different vessel segmentation
tasks to solve the imbalanced ratio between thick vessels and thin
vessels. The proposed method obtained accuracies of 0.9579, 0.9821,
and 0.9776 on DRIVE, STARE, and CHASE _DBI, respectively.

Wu et al. [222] proposed ARU-Net, a deep learning model to
automatically segment retinal blood vessels in fundus images. The
model leverages the strengths of U-Net, cascaded atrous convolution,
and residual blocks enriched with squeeze and excitation. Residual
blocks are used as building units to simplify the training process and
help extract coarse and fine features from source images. Squeeze
and excitation units are added to each remaining block for channel
attention, adaptive feature recalibration, and increased feature power
representation. The addition of a dilated convolution module can en-
sure global and multi-scale extraction. The authors reported accuracies
of 0.96 and 0.97 on DRIVE and CHASE DBI, respectively.

Zhang et al. [223] studied the vessel terminals of the retinal vascular
branches. To do this, the authors presented new edge-aware flows
into U-Net encoder—decoder architecture to guide the retinal vessel
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segmentation. The authors reported accuracies of f 0.9701, 0.9691, and
0.9811 on DRIVE, STARE, and CHASE _DB1, respectively.

Zhang et al. [224] proposed a deep network architecture named
Bridge-net to make use of the context of the retinal blood vessels
efficiently. Bridge-net combines an RNN into a CNN to deliver the
context and then produce the probability map of the retinal blood
vessels. The authors introduced a patch-based loss weight mapping to
correct the imbalance of the image. The authors reported accuracies
of 0.96668, 0.9834, and 0.9667 on STARE, DRIVE, and CHASE_DB1,
respectively.

Dong et al. [226] proposed a cascaded residual attention U-Net
called CRAUNet to analyze coarse-to-fine retinal vessel segmentation.
The authors also presented a DropBlock regularization to reduce over-
fitting problem and a multi-scale fusion channel attention (MFCA)
module. The CRAUNet obtained AUC of 0.9830 and 0.9865 on DRIVE
and CHASE_DB1 databases.

U-Net-based methods, proposed in the literature, have been success-
fully used in retinal vessel segmentation tasks, but there are still some
obstacles that require an in-depth examination and analysis, such as the
loss of microvasculature details at the end of vessels, preservation of
capillaries, vascular structures of complex bifurcation, the false recog-
nition of the lesion area, the fracture of the small vessel segmentation,
a noisy environment (without any additional processing), the impact of
loss function selection, among others [227-232].

6.6.4. Generative adversarial network for retinal vessel segmentation

Generative Adversarial Network (GAN) [233] is a type of deep
unsupervised generative model, which consists of two network models:
generator G for creating new synthetic images (data distribution),
and discriminator D for distinguishing human-annotated vessel maps
(real label) or machine-generated vessel maps (fake label), see general
scheme in Fig. 6. Many researchers used GANs to address the critical
limitation of a few images available for training and the imbalance
problem, see Table 10.
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Park et al. [194] developed a conditional generative adversarial net-
work called M-GAN for retinal vessel segmentation by balancing losses
through stacked deep FCN. This approach consists of a newly designed
M-generator with deep residual blocks for more robust segmentation
and an M-discriminator with a deeper network for more efficient train-
ing of the adversarial model. The authors reported accuracies of 0.9706,
0.9876, 0.9763, and 0.9761 on DRIVE, STARE, CHASE DB1, and HRF
databases, respectively.

Zhou et al. [241] presented a method for retinal vessel segmentation
on elusive vessels in low-contrast background and lesion regions. To
do this, the authors developed a symmetric equilibrium generative
adversarial network (SEGAN) that used the characteristics of U-Net
and Generative Adversarial Network (GAN). Furthermore, they pre-
sented the multi-scale feature refine blocks (MSFRB) to merge the
different scale features. MSFRB preserves high-resolution features with
high-semantic ones simultaneously.

Zhao and Feng [242] proposed a GAN-based deep network with
residual module and attention called Deep Att-ResGAN. The network
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consists of 4 identical subnetworks. The output of each subnetwork
is imported to the next subnetwork as contextual features that guide
the segmentation. Deep Att-ResGAN was tested on DRIVE and STARE
databases. The authors reported accuracies of 0.9565 and 0.9690,
respectively.

Yang et al. [243] introduced a method that combines GAN and end-
to-end network generation. The method can distinguish between global
and local perception domains through a multi-scale CAM discriminator,
and the generator can also use linear attention to transform more
efficient blood vessel segmentation. The author reported accuracy of
0.9559 on DRIVE database.

Liang et al. [250] proposed an end-to-end conditional generative
adversarial network with class feature loss and improved retinal detail
loss, which takes the vessels and masks of retinal images as conditions,
aiming to learn rich physiological information contained in fundus
images by the end-to-end way and generate high-quality retinal images.
The authors used FID metric to measure the similarity between the
generated image and the real image in terms of global features, and
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Table 9
Overview of approaches using U-Net for retinal image segmentation.
Reference Preprocessing Database Acc Sn Sp
Li et al. [196] Data augmentation (Shifting, rotation, disturb the image with the Gaussian DRIVE 0.9394 0.8574 0.8231
noise), Normalized mean
Gao et al. [197] Green channel analysis, CLAHE, Gaussian matched filter DRIVE 0.9636 0.7802 0.9876
Wang et al. [198] Grayscale transformation, CLAHE, Gamma correction DRIVE 0.9581 0.7991 0.9813
STARE 0.9673 0.8186 0.9844
CHASEDB1 0.9670 0.8239 0.9813
HRF 0.9654 0.7803 0.9843
IOSTAR 0.9652 0.7538 0.9893
RC-SLO 0.9699 0.8681 0.9797
Li et al. [199] - DRIVE 0.9568 0.7921 0.9810
STARE 0.9678 0.8352 0.9823
CHASEDB1 0.9635 0.7818 0.9819
IOSTAR 0.9544 0.7322 0.9802
RC-SLO 0.9696 0.8452 0.9807
Mostafiz et al. [200] Green channel analysis, CLAHE, Gaussian filter DRIVE 0.9675 0.7690 0.9865
STARE 0.9537 0.7689 0.9862
Soomro et al. [201] Morphological tactics, PCA DRIVE 0.948 0.739 0.956
STARE 0.9470 0.7480 0.9620
Luo et al. [202] Data augmentation (rotation, randomly add noise) 0.865 - -
Alom et al. [203] Extraction of patches DRIVE 0.9556 0.7792 0.9813
STARE 0.9712 0.8298 0.9862
CHASEDB1 0.9634 0.7756 0.9820
Xu et al. [204] Histogram matching DRIVE 0.832 0.870 0.980
Galdran et al. [205] - DRIVE 0.9567 - -
Yan et al. [206] Green channel analysis, Extraction of patches, Data augmentation (flipping, DRIVE 0.9542 0.7653 0.9818
rotation, resizing, adding random noise) STARE 0.9612 0.7581 0.9846
CHASEDB1 0.9610 0.7420 0.9809
Zhang and Chung [207] CLAHE, Extraction of patches, Data augmentation DRIVE 0.9504 0.8723 0.9618
STARE 0.9712 0.7673 0.9901
CHASEDB1 0.9770 0.7670 0.9909
Wang et al. [208] Grayscale transform, Normalization, Data augmentation, Extraction of patches DRIVE 0.9511 0.7986 0.9736
STARE 0.9538 0.7914 0.9722
Luo et al. [209] Grayscale transform, CLAHE, Green channel analysis DRIVE 0.9663 0.8075 0.9814
STARE 0.9684 0.8437 0.9762
Soomro et al. [210] Fuzzy C-Mean, CLAHE DRIVE 0.9590 0.8020 0.9740
STARE 0.9610 0.8010 0.9690
Jin et al. [211] CLAHE, Gamma correction DRIVE 0.9566 0.7963 0.9800
STARE 0.9641 0.7595 0.9878
CHASEDB1 0.9610 0.8155 0.9752
HRF 0.9651 0.7464 0.9874
Biswas et al. [212] Grayscale transform, CLAHE, gamma correction DRIVE 0.9561 0.7823 0.9814
Ding et al. [213] CLAHE, Gamma adaptive correction DRIVE 0.9611 - -
STARE 0.9962
Cheng et al. [214] Grayscale transform, Z-score standardization, CLAHE, Gamma correction DRIVE 0.9559 - -
CHASEDB1 0.9488
Tang et al. [31] CLAHE, Gamma correction DRIVE 0.9551 0.9682 -
STARE 0.9687
Mou et al. [215] Data augmentation (rotation, random contrast enhancement) DRIVE 0.9594 0.8126 0.9788
STARE 0.9685 0.8391 0.9769
CHASEDB1 0.9637 0.8268 0.9773
Reyes-Figueroa and Rivera Grayscale transform, Normalization, CLAHE, Gamma correction DRIVE 0.9515 0.8400 0.9622
[216] STARE 0.9342 0.8435 0.9531
Chen et al. [217] Extraction of patches DRIVE 0.9552 0.8211 0.9748
STARE 0.9699 0.8466 0.9822
CHASEDB1 0.9642 0.8395 0.9766
Sun et al. [218] Extraction of patches, Data augmentation (flipping, rotation, shifting) DRIVE 0.9671 - -
STARE 0.9714
CHASEDB1 0.9751
Alvarado-Carrillo et al. Quantum convolutional layer, Distorted Gaussian matched filter DRIVE 0.9772 0.7960 0.9799
[219] STARE 0.9837 0.7904 0.9843
CHASEDB1 0.9798 0.7530 0.9863
Yang et al. [220] Grayscale conversion, Normalization, Gradient histogram equalization, Gamma DRIVE 0.9579 0.8353 0.9751
correction STARE 0.9626 0.7946 0.9821
CHASEDB1 0.9632 0.8176 0.9776
Li et al. [221] Green channel analysis, CLAHE DRIVE 0.9769 0.8145 0.9883
STARE 0.9797 0.8505 0.9889
CHASEDB1 0.9803 0.9334 0.9862
Wu et al. [222] Grayscale transform, Normalization DRIVE 0.9686 0.8043 0.9844
CHASEDB1 0.9746 0.8099 0.9856
Zhang et al. [223] - DRIVE 0.9701 0.7719 0.9799
STARE 0.9691 0.6912 0.9911
CHASEDB1 0.9811 0.8506 0.9981
Zhang et al. [224] CLAHE, Gamma correction, Standardization DRIVE 0.9565 0.7853 0.9812
STARE 0.9668 0.8002 0.9864
CHASEDB1 0.9667 0.8131 0.9840
Yang et al. [225] CLAHE DRIVE 0.9670 0.8133 0.9818
STARE 0.9724 0.8201 0.9851
CHASEDB1 0.9718 0.8209 0.9816
Dong et al. [226] Grayscale transform, Normalization, CLAHE, Gamma correction DRIVE 0.9586 0.7954 -
CHASEDB1 0.9659 0.8259
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Table 10
Overview of approaches using GAN for retinal image segmentation.
Reference Preprocessing Database Acc Sn Sp
Tu et al. [234] - DRIVE 9571 0.784 0.985
Gu et al. [235] Data augmentation (flipping) DRIVE 9545 0.8309 -
Wu et al. [236] Data augmentation (translation, rotation, shearing and DRIVE 9615 0.7798 0.982
scaling)
Dong et al. [237] Extraction of patches, Data augmentation (rotation, DRIVE 0.9729 0.8579 0.9828
flipping, scaling) STARE 0.9716 0.8126 0.9837
Park et al. [194] Automatic color equalization DRIVE 0.9706 0.8346 0.9836
STARE 0.9876 0.8324 0.9938
CHASEDB1 0.9736 0.8640 0.9745
HRF 0.9761 0.9852
Lahiri et al. [238] Extraction of patches DRIVE 0.950 - -
STARE 0.960
Yang et al. [239] Data augmentation (rotation, flipping), Z-score DRIVE 0.9560 0.8340 0.9820
Normalization STARE 0.9663 0.8334 0.9897
Guo et al. [16] Data augmentation (rotation, translation, zooming, DRIVE 0.9542 0.8283 0.9726
inversion and filling), Extraction of patches, Z-score
Normalization
Ma et al. [240] Extraction of patches DRIVE 0.913 0.794 0.982
STARE 0.910 0.774 0.980
XCAD 0.945 0.583 0.972
Zhou et al. [241] - DRIVE 0.9519 0.7412 0.9830
STARE 0.9613 0.8334 0.9865
CHASEDB1 0.9547 0.8134 0.9750
HRF 0.9465 0.8003 0.9779
Zhao and Feng [242] CLAHE, Gamma correction, Normalization DRIVE 0.9565 0.8314 0.9757
STARE 0.9690 0.8378 0.9838
Yang et al. [243], Data augmentation called image stitching DRIVE 0.9559 0.7659 0.9746
Kar et al. [244] Grayscale transformation, Data augmentation DRIVE 0.9742 0.8936 0.9876
(flipping), CLAHE, Z-score Normalization STARE 0.9486 0.8441 0.9640
CHASEDB1 0.9873 0.9335 0.9835
HRF ARIA 0.9773 0.8885 0.9854
IOSTAR 0.9628 0.7177 0.9840
RC-SLO 0.9610 0.7807 0.9788
0.9777 0.8714 0.9871
Alimanov and Islam Data augmentation (rotation, flipping) DRIVE 0.9659 0.7829 -
[245] STARE 0.9697 0.8010
CHASEDB1 0.9665 0.8088
Lin et al. [246] Data augmentation (random cropping, random DRIVE 0.9529 0.8626 0.9664
rotation, scaling, translation, flipping), Blur processing, STARE HRF 0.9679 0.8619 0.9807
Elastic deformation, CLAHE, random sharpening, 0.9629 0.8653 0.9729
random brightness contrast
Yue et al. [247] Data augmentation (rotation, flipping), Grayscale DRIVE 0.9567 0.8422 0.9825
transform, CLAHE CHASEDB1 0.9671 0.8503 0.9850
Yue et al. [248] Green channel analysis, CLAHE, Gamma correction, DRIVE 0.9702 0.8337 0.9850
Data augmentation (rotation, mirroring, translation) STARE 0.9712 0.8344 0.9884
CHASEDB1 0.9673 0.8132 0.9837
Gu and Xu [249] Extraction of patches, Data augmentation (rotation, DRIVE 0.9571 0.8064 0.9790
color, saturation, brightness) STARE 0.9786 0.7930 0.9910
CHASEDB1 0.9756 0.8661 0.9836

SWD metric to measure the similarity between the generated image and
the real image based on the detail feature.

Alimanov and Islam [245] addressed the problems of low-quality
retinal image restoration and vessel segmentation. To do this, the
authors proposed a retinal image restoration method based on a cycle-
consistent generative adversarial network, Cycle-CBAM, that relies on
unpaired low-quality and high-quality retrieved images before propos-
ing the retinal vessel segmentation method CBAM-UNet. The authors
reported accuracies of 0.9659, 0.9697, and 0.9665 on DRIVE, STARE,
and CHASE DB1 databases, respectively.

Yue et al. [247] proposed a method that uses GAN combined
with SE-ResNet and dilated inception block for the segmenting retinal
vessels, called SAD-GAN. The authors replaced the original convolution
block with SE-ResNet module in the GAN generator. SE-Net is used to
extract the global channel information, while concomitantly strength-
ening and weakening the key features and invalid features, respectively.
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The model was tested on DRIVE and CHASE _DB1 obtaining an accuracy
of 0.9567 and 0.9671, respectively.

Yue et al. [248] proposed an improved GAN for retinal image
segmentation based on R2U-Net. The authors applied in the generator
an attention mechanism, channel, and spatial attention, to reduce the
loss of information and extract more effective features. Furthermore,
they used dense connection modules in the discriminator. The values
of AUC were 0.9869, 0.9894, and 0.9885 on DRIVE, CHASE-DB1 and
STARE, respectively.

Kar et al. [244] proposed a multi-scale residual convolutional neural
network (MSR-Net), for retinal blood vessels segmentation, combined
with GAN. The generator in the GAN architecture uses deep residual
blocks with skip connections in UNet backbone. This model was tested
on various publicly available databases (DRIVE, STARE, CHASE DB1,
HRF, ARIA, IOSTAR, and RC-SLO).
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Gu and Xu [249] improved the retinal vessel segmentation through
iterative refinement and reducing topological error. To do this, the
authors proposed a GAN model to reduce topological discrepancies
between the probability map of our segmentation results and the
ground truth of real retinal vessels and introduced a recurrent neural
network with the iterative prediction strategy that can improve the
segmentation model to correct the prediction errors and tackle the
problem of overfitting. The authors reported accuracies of 0.9571,
0.9786, and 0.9756 on DRIVE, STARE, and CHASE_DB1 databases,
respectively.

In summary, deep learning is indeed an essential subarea of machine
learning that has made significant advancements in image segmen-
tation of retinal blood vessels. In this paper, we categorize several
approaches for retinal vessel segmentation into four groups based
on their network architecture: Convolutional Neural Network (CNN),
Fully Convolutional Network (FCN), U-Net, and Generative Adversarial
Network (GAN).

In CNN approaches, the blood vessels may be precisely identified
by learning hierarchical characteristics from images. Authors have
explored various customized and traditional CNN architectures. As de-
scribed in Table 7, different authors reported accuracy for their models
above 0.94. However, despite the great success of CNN in discovering
strong spatially local correlations on databases of retinal blood images
at various abstraction levels, one of the main issues with using a typical
CNN for segmenting vessels is the requirement to divide a given image
into a very large number of small patches and classify each of them,
causing a high computational cost. To overcome the shortcomings of
CNN approaches, the FNC technique is introduced. FCN is designed to
work with input images of arbitrary sizes, making them more adaptable
to different imaging conditions. However, FCN may face challenges
in spatial loss of information (due to the downsampling and upsam-
pling operations), but even so, the results are encouraging. Different
authors reported accuracies around 0.96 (see Table 8). An especial
and promising FCN architecture is U-Net, this architecture combines
traditional convolutional layers with upsampling to learn both local
and global features. Moreover, different authors have used different
strategies to prevent spatial loss of information. The U-Net approaches
have achieved up to 0.98 inaccuracies (see Table 9), but U-Net still
struggles to precisely segment very thin blood vessels.

On the other hand, the limited size and diversity of annotated
databases can hinder the performance of deep learning models, there-
fore, data availability remains a crucial challenge in retinal blood
vessel segmentation. Many authors explored the potential of GAN as
an automatic data augmentation technique, obtaining models with
accuracies around 0.95. This is reported in Table 10. Finally, the trend
toward using the U-Net architecture is likely to continue as it continues
to show strong performance in retinal vessel segmentation and other
medical image analysis tasks. However, It is important to note that
deep learning methods for retinal vessel segmentation are continuously
evolving, and authors are exploring a variety of strategies to achieve
even better results.

7. Trends of retinal vessel segmentation

Currently, retinal vessel segmentation algorithms have become an
essential component of automatic systems that are responsible for
the detection of retinal diseases. This section mentions an analysis
carried out taking into account research works that have already been
published, in order to refer to the extent of the study related to the
subject.

The search engines used to retrieve publications were IEEExplore,
ScienceDirect and Springer, the search only included research articles
published by journals related to the area of study such as artificial
intelligence applied to medicine, expert systems and their applications,
as well as neuroscience and computing., to mention a few areas. For
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this study, recent articles were considered, taking into account from
2015 to 2022. This allowed the analysis to be kept up to date.

Figs. 7-9 show the total distribution of articles published for each
year depending on the search engine used, which are related to the
segmentation of retinal vessels:

Traditional image segmentation techniques like thresholding, edge
detection, and region-growing have been around for a while, and each
has advantages and disadvantages. While they worked well in certain
straightforward settings, they frequently had trouble with complex
scenes, different lighting situations, and object occlusions, to name a
few. However, image segmentation has made significant strides since
deep learning emerged. By automatically learning relevant features
directly from the raw data, deep learning-based techniques have revo-
lutionized image segmentation and made it more precise and effective.
This remarkable improvement is due, in part, to the following factors:
Feature learning (the ability to learn and discover informative and rele-
vant features from data), End to End learning (simultaneously training
all parameters, i.e., learning every step from the beginning input stage
to the final output outcome); Adaptability (aptitude for successfully
adjusting to and acquiring knowledge from new information), among
others.

8. Conclusions

This paper carried out a comprehensive review of recent approaches
to machine learning methods for retinal blood vessel segmentation. The
automation of medical image segmentation provides countless advan-
tages to medical practitioners, reducing human error in determining
existing conditions and prognoses and accelerating the application of
medical treatment. In this survey, different retinal vessel segmentation
approaches are studied to recollect the state-of-the-art in a single
accessible manuscript. This manuscript can be used to guide the proper
preprocessing and segmentation techniques based on the characteristics
of specific retinal vessel segmentation real-world problems.

Nowadays, deep learning methods have been extensively used for
image segmentation including retinal blood vessel images since they do
not need any handcrafted features and outperform existing traditional
machine learning methods. Despite the great success of deep learning,
there are still some obstacles that require an in-depth examination
and analysis in retinal blood vessel segmentation, such as the loss of
microvasculature details at the end of vessels, preservation of capillar-
ies, vascular structures of complex bifurcation, the false recognition of
the lesion area, the fracture of the small vessel segmentation, a noisy
environment (without any additional processing), the impact of loss
function selection, among others.

The trend in blood vessel segmentation is to use and enhance previ-
ous deep-learning network architectures. This approach has shown sig-
nificant impact and improvement in segmentation performance. We ob-
served that many authors have built upon the foundations of encoder—
decoder U-Net networks with short and long skip connections to en-
hance segmentation performance after evaluating various networks.
Nevertheless, despite major advancements achieved with U-Net net-
works, blood vessel segmentation is still a difficult process, and there
are still a number of issues that researchers deal with in this area.

1. The precise segmentation of very thin blood vessels remains a
challenging task. Algorithms have trouble capturing the small
features and identifying thin vessels apart from background
pixels or noise.

2. A large volume of annotated data is necessary for the training
models. However, it might be difficult to get large-scale anno-
tated databases for blood vessel segmentation, particularly for
uncommon or particular vascular diseases.

3. Models that perform well on one database may not generalize
well to another due to the domain shift. This is because the
degree of image quality, the appearance of the vessels, and the
size of the vessels may differ amongst databases.
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